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Abstract

Multi-spectral and Fluorescence Diffuse Optical Tomography of Breast

Cancer

Alper Corlu

Arjun G. Yodh

Multi-spectral and �uorescence diffuse optical tomography (DOT) techniques are explored and

applied to image human breast cancerin vivo. Image reconstruction algorithms that utilize �rst

and second order gradient information are described in detail. Breast DOT requires large compu-

tational memory and long run times. To this end, parallel computation techniques were developed

appropriate to each reconstruction algorithm.

A parallel plate DOT instrument developed for breast cancer imaging is described. The system

relies heavily on continuous-wave (CW) transmission measurements and utilizes frequency do-

main (FD) measurements on the reemission side. However, traditional DOT image reconstruction

methods based on CW measurements fail to separate tissue absorption and scattering uniquely. In

this manuscript, multi-spectral DOT is shown to be capable of minimizing cross-talkand retrieving

spectral parameters almost uniquely when the measurement wavelengths are optimized. A theoret-

ical framework to select optimum wavelengths is provided, and tested with computer simulations.

Results from phantom spectroscopy experiments andin vivo patient measurements support the

notion that multi-spectral methods are superior to traditional DOT image reconstruction schemes.

The same breast DOT instrument is improved and utilized to obtain the �rstin vivo images of

human breast cancer based on �uorescence DOT (FDOT). To this endthe �uorophore Indocyanine
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Green (ICG) is injected intravenously and �uorescence excitation and detection are accomplished

in the soft-compression, parallel-plane, transmission geometry using laser sources at 786 nm and

spectrally �ltered CCD detection. Careful phantom andin vivo measurements are carried on to

assure that the signals are due to ICG �uorescence, rather than tissue auto�uorescence and exci-

tation light leakage. Anin vivo measurement protocol is designed to maximize the ICG contrast

by acquiring full �uorescence tomographic scan during the tail of ICG temporal decay curve. The

image reconstruction method used to obtain 3D contrast image of ICG concentration is described.

Intrinsic and �uorescence contrast images of three cancer patients arepresented, and it is found that

tumor-to-normal tissue contrast based on ICG �uorescence is two-to-four-fold higher than contrast

based on hemoglobin and scattering parameters.
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Chapter 1

Introduction

The primary interest of the work in this thesis is to use light propagation in tissuefor diagnostic

medical purposes. Utilization of light to probe tissue started as early as 1929with simple shadow

or transillumination images of breast tumors [34] obtained by shining a �ashlight through breast

tissue. The concept, known also as diaphanography, produced unreliable results and was discarded.

In the late 1970s and 1980s, however, optical imaging started gaining popularity again as a better

understanding of light propagation in tissue started to develope. Jobsis reported the spectral win-

dow in the near-infrared (see Figure 1.1 (a)) where the absorption bands of tissue hemoglobins and

water permitted light penetration into deep tissue [64]. Later, a formalism for light propagation was

established with models demonstrating that light distribution in tissue can be well approximated

with diffusion equation [97]. With the advent of new lasers, light detectorsand fast computers, light

diffusion was utilized for spectroscopy and tomography of various tissues, hence the �eld of diffuse

optical tomography (DOT) was born [127,128]. DOT has found a broad range of applications, for

example, in optical breast imaging [22, 28, 32, 41, 82, 85, 103, 115], functional brain spectroscopy

and imaging [18, 33, 56, 102, 127], exercise medicine [12, 24, 95, 108] and photodynamic therapy
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monitoring [119,122].

Three main measurement schemes are used. (1) Time domain (TRS) methods illuminate the

tissue with a picosecond or femtosecond laser pulse and detects the broadened pulse exiting the

tissue surface. This time-domain (TD) method provides the richest informationcontent per source-

detector pair [13,62,86,110]. (2) In frequency domain (FD) measurements an intensity modulated

light source illuminates the tissue, and the amplitude and phase of the detected signal are used

to derive tissue optical absorption (� a) and scattering (� 0
s) properties [23, 82, 91, 126]. (3)The

continuous-wave (CW) method provides only the signal amplitude, howeverit is the simplest and

least expensive of the three schemes, and it provides the fastest data collection [32,63,111]. Nev-

ertheless, widespread application of the CW method for DOT has been controversial. For example,

it has been theoretically demonstrated that CW measurements lack the capability toseparate ab-

sorption from scattering in the DOT image reconstruction [5]. On the other hand, some researchers

have shown this non-uniqueness problem of CW imaging can be minimized through precondi-

tioning and regularization techniques [51, 99, 111, 125]. We have takena different approach to

the non-uniqueness problem: the multi-spectral method. Part of this thesis work describes the

multi-spectral constraints and discusses possible solutions to the non-uniqueness problem.

Figure 1.1 (a) displays the absorption spectra of primary tissue components. The reduced scat-

tering coef�cient of tissue as shown in Figure 1.1 (b) is often assumed to obey a Mie-scattering

power law (see Section 2.2) and is two orders of magnitude larger than the absorption coef�cient.

Concentrations of physiologically important tissue components such as oxy-hemoglobin, deoxy-

hemoglobin, water and lipid are derived from the inversion of measurementsat several wave-

lengths (� ). This inversion can be carried out in two different ways. Until recently, the commonly

2
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Figure 1.1: (a) Absorption Spectra of the primary tissue constituents. (b) Reduced scattering
coef�cient of tissue is assumed to obey a simpli�ed Mie-scattering law, i.e.,� 0

s = A� � b.
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employed inverse methods calculated light absorption and scattering coef�cients at the measure-

ment wavelengths sequentially, and then decomposed the absorption data intocontributions of

various tissue chromophores and scattering components. In this work, wepresent a new approach

for extracting these tissue components. The multi-spectral method, directly reconstructs the tis-

sue chromophore concentrations and Mie scattering factors by exploiting their a priori spectral

properties [29, 31, 41, 55, 75]. This new set of reconstructed variables is wavelength independent,

hence data from all measurement wavelengths may be used simultaneously for reconstruction. Our

approach effectively reduces the number of unknowns and produces a better constrained inverse

problem. We have recently shown that thisa priori spectral technique helps to overcome the non-

uniqueness problem associated with CW imaging [29,31].

Without loss of generality, the multi-spectral model and various computationaltools explored

in this thesis work were mainly geared towards improving DOT for breast cancer. Breast cancer

imaging is potentially useful for early detection and therapy monitoring. X-raymammography,

palpation and biopsy are the primary clinical methods currently used in breast cancer screening

and diagnosis. Other imaging modalities include magnetic resonance imaging (MRI), ultrasound,

positron emission tomography (PET). The various methods have all demonstrated some degree

of success [46, 69]. Nevertheless, although the sensitivity of mammography appears to be greater

than 80% in women over 50 (less for younger woman) [68,107], there is still need to detect cancers

earlier for treatment [21], and to detect cancers missed by mammography [15, 50]. DOT provides

better access to physiological function such as hemodynamics and water and lipid content. In

the case of tumors, abnormal metabolic rates can be accompanied by an increase of vasculaturity

and a change in tissue oxygen content. The ability to quantify hemodynamics, water and lipid

content hold potential to enable DOT to distinguish between benign and malignant tumors, as well

4



as to predict responses to various cancer treatments [28]. To this end, here in our laboratories, a

3D DOT instrument suited for breast cancer imagingin vivo has been under development. The

�rst generation instrument was used to assess the average bulk optical properties of healthy breast

tissue [41] and the second generation instrument has been utilized for 3D imaging of healthy and

tumor bearing human breasts. 3D imaging capabilities of the second generationinstrument, based

on endogenous contrast, have been demonstrated previously with phantoms and in human subjects

[28,32].

Furthermore, agreement with MRI in a case study of locally advanced breast cancer during

neoadjuvant chemotherapy treatment has validated the potential of this DOT instrument for breast

cancer imaging [28].

In addition to the endogenous tissue contrast such as oxy- and deoxy-hemoglobin (HbO2,

HbR), water and lipid, exogenous molecular agents such as IndocyanineGreen (ICG) have also

been used in diffuse optical imaging simply asabsorbing[61, 90]. In this thesis we demonstrate

in vivo �uorescencediffuse optical tomography (FDOT) in the human breast, reconstructing 3D

tomographic maps of the tissue �uorophore distributionin vivo. Three cancer cases are analyzed

wherein tumors exhibit �uorescence contrast up to four-fold higher than corresponding endoge-

nous optical contrast derived using the same apparatus.

Multi-Spectral DOT image reconstruction with emphasis on non-uniqueness problem andin

vivo FDOT of breast cancer in humans constitute the main contribution of this work.Chapter 2

describes image reconstruction algorithms suited for the multi-spectral model. The image recon-

struction is treated as an optimization problem and two different inverse solvers are discussed, i.e.,

Gradient-based and Jacobian solvers. Gradient-based solvers utilize the �rst order approximation

of the objective function and do not require a memory expensive weight matrix. Jacobian solvers,
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on the other hand, converge faster using the second order terms in the objective function at the

expense of memory usage. DOT image reconstruction in general is an ill-posed problem therefore

regularization is an important component part of the solution. To this end, I brie�y describe reg-

ularization methods applied in breast DOT in Section 2.3.4. In order to gain speed and memory,

inversion algorithms such as the Nonlinear CG and Gauss-Newton methods are modi�ed to work

in a parallel computing framework in Section 2.3.6.

A brief overview of the instrumentation is provided in Chapter 3. The primary instrument is

the breast DOT setup that has been utilized to image endogenous and exogenous (�uorescence)

optical properties of healthy and patient breasts. The subject lies in prone position with her breasts

suspended between two parallel plates. On one side of the plate, 45 source �bers arranged on a 9

� 5 grid sequentially illuminate with intensity modulated light at four different wavelengths. FD

detection is accomplished using 9 detector �bers on the source plate and CW data is measured

with a charge coupled device (CCD) on the transmission side. The second instrument described

in Chapter 3 is a broadband spectroscopy device utilized for validating the uniqueness conjectures

outlined in Chapter 4 with phantom experiments.

The photon diffusion equation approximates light propagation in turbid media based on the

estimates of light absorption and scattering coef�cients of the medium. Unique recovery of these

coef�cients from measurements on the sample surface, however, is harder and depends on the

information content of the measurements. Chapter 4 starts with introducing the non-uniqueness

problem associated with CW data, originally as proposed by Arridge and Lionheart [5]. The prob-

lem is then formulated in the multi-spectral framework that allows us to use measurements at all

wavelengths simultaneously in a single inversion. The conditions and wavelengths that enable

unique recovery of absorption and scattering parameters in the multi-spectral model are discussed

6



and are validated with simulation and phantom experiments.

Chapter 5 describes �uorescence diffuse optical tomography (FDOT)applied to human breast

cancerin vivo. Fluorescence signal detected by the �lter-coupled CCD camera from phantoms

andin vivo human breast demonstrate that the signal is due to the �uorophore (ICG) rather then

excitation light leakage and auto�uorescence. DOT and FDOT results of three patient cases are pre-

sented. We have observed greater tumor to normal contrast with �uorescence imaging. This proof

of concept study has shown that FDOT of breast cancerin vivo is possible providing enhanced op-

tical contrast. The FDOT approach promises better sensitivity and speci�city as molecular beacons

and targeted dyes become available for future clinical use.
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Chapter 2

Multi-Spectral Diffuse Optical

Tomography

2.1 Introduction

In this chapter, I describe the image reconstruction techniques suited to multi-spectral DOT. DOT

image reconstruction in general can be divided into two sub-problems: Theforward problem (Sec-

tion 2.2) deals with solving photon diffusion equation for light �uence rate distribution on the tissue

surface for given light source, and tissue absorption and scattering parameters. The inverse prob-

lem (Section 2.3) starts with an initial estimate of these optical parameters compares the computed

�uence rate (i.e. the outcome of the Forward Problem) with experimentally measured data and

updates the initial estimate iteratively until an acceptable match between computed and measured

�uence data is reached.

The inverse problem Section, 2.3, describes 3D image reconstruction in multi-spectral DOT.

Two general solution approaches are provided: Non-Linear Conjugate Gradient and Gauss-Newton.
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In both cases, it is possible to parallelize image reconstrution and parallelization of the inverse

solvers are discussed in a Message Passing Interface (MPI) framework in Section 2.3.6.

Regularization is an important aspect of ill-posed inverse problems. Determining the right

amount of regularization can be a long iterative process, however envelope guided regularization

discussed in Section 2.3.4 provides a way to minimize the number of regularizationtrials.

The following algorithms are utilized in the TOAST (Time-Resolved Optical Absorption and

Scattering Tomography) software package developed by Dr. Arridge and Dr. Schweiger at the Uni-

versity College London (UCL). The software package was extended to incorporate multi-spectral

model here at the University of Pennsylvania in collaboration with the UCL group.

2.2 Forward problem

Light transport in tissue is well approximated as a diffusion process under certain conditions [127].

In the forward problem we are interested in calculating the light �uence rate,(� ) [W/m2], given

some set of tissue optical properties. The photon diffusion equation in the frequency domain is

used for this purpose, i.e.,

�
�r � D (r ; � )r + � a(r ; � ) +

i!
v

�
�( r ; �; ! ) = qo(r ; �; ! ): (2.1)

Here� is the measurement wavelength,! is the source modulation frequency,v is the speed of light

in the medium (assumed to be known),� a(� ) is the absorption coef�cient,D (� ) is the diffusion

coef�cient approximately given in terms of reduced scattering coef�cient � 0
s(� ) as1=(3� 0

s) [42,

43], andqo(�; ! ) [W/m3] is the source term. For the solution of Eq. (2.1) we employ the Robin-

type boundary condition

9



�( � ) +
D(� )

�
~̂n � r �( � ) = 0 ; (2.2)

where� is a point on the measurement boundary,~̂n is the outer normal at� , and� is related to the

refractive index mismatch at the boundary [112]. The measurable quantity(the exitance)�( � ) is

the normal component of the photon �ux

�( � ) = ~̂n � [� D (� )r �( � )]; (2.3)

and in the case of Robin boundary condition Eq. (2.2), it simpli�es to

�( � ) = � �( � ): (2.4)

Tissue optical properties� a(� ) and� 0
s(� ) must be known in order to solve the forward problem

Eq. (2.1). The multi-spectral model is based on the known wavelength dependence of tissue

parameters such as chromophore concentrationsC. The mapping from concentrations of thel th

chromophoreCl to � a(� ) is made using the known absorption extinction coef�cient,� l (� ), of the

l th chromophore, i.e.

� a(� ) =
LX

l=1

� l (� )Cl : (2.5)

Here we assumeL total chromophores contribute to the absorption at wavelength� .

The spectral relation for scattering is based on Mie-scattering theory [14,83], i.e.,

� 0
s = a(2�%nm )b� � b; (2.6)
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wherea is proportional to the density of the scattering centers,%is the radius of the scatterers, and

nm is the index of refraction of the medium. The value ofbvaries between 0.37 to 4 as the radius

of scatterers changes from 1� m to 0.05� m [83]. Here the scattering centers in tissue are assumed

as homogeneous dielectric spheres wherein the incoming electromagnetic �eldis taken as a plane

wave.

Throughout the rest of this manuscript we will use a simpli�ed form of Equation (2.6):

� 0
s(� ) = A� � b; (2.7)

with the scattering prefactorA and scattering powerb; A and b are related to the size, index

of refraction and concentration of scatterers in tissue as well as the indexof refraction of the

surrounding medium as suggested by Equation (2.6).

Given some initial distribution ofCl ; A andb in tissue, equations (2.5) and (2.7) can be used

to obtain� a(� ) and� 0
s(� ). Once the mapping to optical parameters is done, the diffusion equation

can be solved for the calculated �uence rate,� , using analytical or numerical methods.

2.2.1 Semi-in�nite approximation

A commonly employed analytical solution of the diffusion equation assumes that the diffuse

medium is homogenous, occupying a semi-in�nite half-space. This is a reasonable approximation

when the optodes are placed in a re�ection geometry away from the boundaries. The extrapolated

boundary condition is used where the �uence rate is set to zero at a distancezb = D=� outside the

medium. The extrapolation distancezb is derived from Equation 2.2 assuming� is linear around

the boundaries.

Figure 2.1 illustrates the measurement scheme where an isotropic point source and its mirror

11



Figure 2.1: Placement of detector, source and image source in a semi-in�nitemedium.

source is shown. A collimated source can be approximated as an isotropic point source placed

zo = 1=� 0
s inside the medium. Its mirror source is a negative source of equal strength placed

zo+2zb above the medium in order to satisfy the boundary conditions. The solution ofthe diffusion

equation at the detector position (�; z ) is the combination of in�nite Green functions of the isotropic

source and its negative mirror image [17]:

�( �; z ) =
qo

4�D

�
exp(ikr 1)

r1
�

exp(ikr 2)
r2

�
; (2.8)

where

k = (
� � a + i!=v

D
)1=2; (2.9)

r1 = ( � 2 + ( z � zo)2)1=2; (2.10)

r2 = ( � 2 + ( z + zo + 2zb)2)1=2: (2.11)

2.2.2 Finite Element Implementation

Here I brie�y formulate the solution to photon diffusion equation in the �nite element (FE) frame-

work. For a detailed description see [7].

12



In the �nite element method (FEM), the solution domain
 with boundary@
 is divided into

subdomains known as�nite elements[74]. The elements form a mesh that can be generated for

complex geometries with inhomogeneous element densities. Therefore FEM enables quanti�cation

of light distribution for curved tissue boundaries as well as reconstructionof optical properties in

pre- or dynamically selected regions with higher spatial sensitivity.

The diffusion equation can be expressed as an operatorL acting on�( r ):

L �( r ) = q0(r ) (2.12)

whereL = �r � D (� )r + � a(� ) + i!=v . The FEM solution�( r ) to photon diffusion equation is

an approximate solution� h(r ) expressed in terms of basis functionsui (r ) from a U-dimensional

subspace,

� h(r ) =
UX

j

� j uj (r ): (2.13)

Typically in our 2D and 3D image reconstructions, we use piecewise linear basis functions with

triangle and tetrahedral elements, respectively [74].

The residual resulting from this approximation can be de�ned as

L � h(r ) � q0(r ) = R; (2.14)

=
UX

i

Ri ui (r ): (2.15)

The goal is to choose� i 's in Equation 2.13 to minimizeR. Following Galerkin formulation

[7, 74], we try to minimizeR by requiringR to be orthogonal toui for all i = 1 : : : U. The

expansion I display in Equation 2.15 can be used to demonstrate the orthogonality condition, since
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the basis components ofR found by the inner productRi = hui j Ri will be set to 0 by requiring

orthogonality. In this case the FEM formulation gives a series of equations:

hui j Ri =
Z



ui (r )R(r ) = 0 ; (2.16)

=
Z



ui (r )(L � h(r ) � q0(r )) = 0 for all i = : : : U: (2.17)

SubstitutingL and integrating by parts, Equation 2.17 can be expressed in terms of optical

parameters [7]

Z




h
D(r )r ui (r ) � r � h(r ) + ( � a(r ) +

i!
v

)ui (r )� h(r )
�

d
 +
Z

@

ui (r )�( r ) d(@
)

=
Z



ui (r )q0(r ) d
 ; for eachi = 1 : : : U: (2.18)

Finally, in order to assess the coef�cients� j 's, we substitute� h(r ) in Equation 2.13 to Equa-

tion 2.18, and express the above set of equalities (Eq. 2.18) as system matrices of sizeU � U

as [8]

(K (D) + C(� a) + i! B + � A )~� = ~Q; (2.19)

here~� and ~Q are FEM basis expansion coef�cient vectors for�( r ) andqo(r ), respectively. Each

14



system matrix have the following form:

K ij =
Z



D(r )r ui (r ) � r uj (r )d
 ; (2.20)

Cij =
Z



� a(r )ui (r )uj (r )d
 ; (2.21)

B ij =
1
v

Z



ui (r )uj (r )d
 ; (2.22)

A ij =
Z

@

ui (r )uj (r )d(@
) ; (2.23)

The resulting Equation 2.19 can be inverted using direct solvers such as Cholesky factorization,

LU Decomposition or iterative solvers like Conjugate-Gradient, GeneralizedMinimal Residual

Method (GMRES).

2.3 Inverse problem

In this section the inverse problem is reformulated appropriate to the multi-spectral model, focusing

on nonlinear methods. Numerical Optimization by J. Nocedal [65] presents agood overview on

general optimization techniques. As for DOT, I have essentially followed theworks of Arridge and

Schweiger [8,113].

The traditional DOT inverse problem deals with reconstructing� a(� ) and� 0
s(� ) images for

each measurement wavelength� . These parameters are then converted toCl ; A andbimages using

equations (2.5) and (2.7). In the multi-spectral imaging approach, the goalis to directly obtain

Cl ; A andb which are wavelength independent, and therefore it is possible to utilize dataat all

wavelengths simultaneously in a single inversion routine. Hereafter,x represents the spatially
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variant parametersC l (r ), A (r ) andb(r ) sampled at a basis of sizeP:

x = [ C1;1 : : : C1;P : : : CL;P A1 : : : AP b1 : : : bP ]T (2.24)

The total number of elements (PT OT ) in vectorx depends on how many absorption and scattering

parameters are reconstructed. For example, in a reconstruction where the solutions forL absorption

chromophores, scattering prefactorA and scattering powerb are sought,PT OT will be equal to

(L + 2) � P.

We approach the DOT image reconstruction as an optimization problem where the solutionx̂

is found by minimizing an objective function, i.e.,

x̂ = arg min
x

	( x); (2.25)

where the objective function	( x) consists of a data mistmatch and a regularization term:

	 =
1
2

NX

n=1

SX

s=1

M sX

m=1

(M s;m (� n ) � F s;m (� n ))2 + � R(x); (2.26)

=
1
2

y T y + � R(x): (2.27)

HereN is the total number of measurement wavelengths,S is the total number of sources andM s

is the number of detectors linked to sources resulting in a number of measurements per wavelength

M � =
P S

s=1 M s with total number of measurementsM T OT = N � M � . M s;m (� n ) andFs;m (� n )

denote natural logarithm of the measured and computed exitance on the tissueboundary for source

s and detectorm at wavelength� n , i.e., Fs;m = ln(� s;m ). � denotes the contribution of the
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regularization functionalR(x) to the data mismatch.y is the residual data vector of sizeM T OT

with elementsyj = ( M j � F j ).

Figure 2.2 provides a general �owchart for image reconstruction algorithms discussed in this

chapter. The inversion process starts with an initial estimatex0 and generates updatesxk until a

suf�cient decrease in the objective function is obtained or a certain number of iterations is reached.

In order to move from the current iteratexk to xk+1 , we follow the line search strategy:

min



	( xk + 
 pk ): (2.28)

The goal here is to determine a step length
 that provides suf�cient decrease in	 along the

search directionpk . The line search routine is explained in detail in Section 2.3.5. We now focus

on �nding a descent search direction. Consider the Taylor's expansion of 	( xk + 
 pk ) up to

second order,

	( xk + 
 pk ) � 	( xk ) + 
 pT
k r 	( xk ) +

1
2


 2pT
k r 2	( xk )pk : (2.29)

Based on the above relation, in the next two sections we will present two choices for the search

direction pk : Non-linear Conjugate Gradient and Gauss-Newton, that involve �rst and second

order derivatives of the objective function, respectively.
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Figure 2.2: General Reconstruction Flowchart.
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2.3.1 Nonlinear Conjugate Gradient Method

Equation 2.29 provides the rate of change in	 along the unit directionp (kpk = 1 ), that is up to

�rst order:

	( x + 
 p) � 	( x)



= pT r 	 (2.30)

= kr 	 k cos(� ) (2.31)

Here� is the angle between thep andr 	 .

According to Equation 2.31, whencos(� ) is -1 (� = � radians) a maximum decrease in	

will be obtained. The trivial choice forp that satis�es the conditions� = � and kpk = 1 is

p = �r 	 =kr 	 k. Note that the normalization factorkr 	 k can be embedded in the step size for

simpli�cation. The line search method that usesp = �r 	 as its search direction for some step

length
 is known as the steepest descent method. One attractive feature of the steepest descent

method is its simplicity, i.e., it only requires the �rst derivative of	 . However, it can take forever

to converge to the solution for ill-conditioned problems [65].

Alternative methods exist that choose search directions close to but not exactly steepest descent.

One of these techniques is the conjugate gradient (CG) method. It was �rst developed for linear

systems of equations and later on adapted to nonlinear optimization problems. Here we brie�y

state the algorithm and refer the details to the reference [65].

The conjugate gradient algorithm generates conjugate search directionsthat provide conver-

gence in at mostn number of steps for a system ofn � n linear equations. The initial search

directionp0 is set to steepest descent direction and the followingpk 's are a linear combination

of the current descent�r 	 k and the previous search vectorpk� 1. The algorithm for nonlinear
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Table 2.1: Non-linear CG algorithm.
Givenx0;

Compute	 0 andr 	 0;

Setp0 = �r 	 0; k  0

loop

Compute
 k (Line Search) and setxk+1 = xk + 
 kpk ;

Computer 	 k+1 ;

� P R
k+1  

r 	 T
k +1 r 	 k +1

r 	 T
k r 	 k

;

pk+1  �r 	 k+1 + � P R
k+1 pk ;

k  k + 1 ;

while 2(	 k � 	 k � 1 )
j	 k j+ j	 k � 1 j < � or k < Max Number of Iterations

CG [65] is outlined in Table 2.1. The factor� P R
k+1 assures thatpk+1 will be conjugate to vectors

p0; : : : ; pk . Out of many variants of� we use the form� P R proposed by Polak and Ribi�ere [104].

We typically set the stoping criteria� to 10� 5 and iterate maximum 30 times in 3D breast imaging

applications.

The step length
 is computed in the line search routine explained in detail in Section 2.3.5.

I now describe the derivation of the derivativer 	 . Let x i (i = 1 : : : PT OT ) denote the value of

an absorption chromophore or scattering parameter at some spatial indexp of the basis of sizeP

(p = 1 : : : P). The �rst order derivative of	 with respect tox i is

@	
@xi

=
NX

n=1

SX

s=1

M sX

m=1

(M s;m (� n ) � F s;m (� n )) ( �
@Fs;m (� n )

@xi
) + � R 0(x i ): (2.32)
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For regularization functional term and its derivativesR 0(x i ) see Section 2.3.4. The �uence rate

derivatives can be related to derivatives with respect to absorption and scattering via the chain rule

for variants ofx i :

@Fs;m (� )
@xi

=

8
>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>:

@�a (� )
@Cl;p

@F s;m (� )
@�a( p) (� ) = � l (� ) @F s;m (� )

@�a( p) (� ) if x i = Cl;p (l th tissue chromophore)

@�0s (� )
@Ap

@F s;m (� )
@�0s( p) (� ) = � � bp @F s;m (� )

@�0s( p) (� ) if x i = Ap (scattering prefactor)

@�0s (� )
@bp

@F s;m (� )
@�0s( p) (� ) = � Ap � � bp ln(� ) @F s;m (� )

@�0s( p) (� ) if x i = bp (scattering power),

(2.33)

where the following Fŕechet derivatives [3]

@Fs;m

@�a(p)
= �

1
�( r m ; r s)

G+ (r p; r m )�( r p; r s) and (2.34)

@Fs;m

@�0s(p)
= 3D(r p)2 1

�( r m ; r s)
r G+ (r p; r m ) � r �( r p; r s) (2.35)

are given by Rytov approximation withG+ (r p; r m ) being the adjoint Green function at basis point

r p for detector locationr m [4, 92]. The adjoint Green function is the solution to adjoint diffusion

equation with delta function source term:

�
�r � D (r )r + � a(r ) �

i!
v

�
G+ (r ; r m ) = � (r � r m ); (2.36)

L + G+ (r ; r m ) = � (r � r m ): (2.37)
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The computational load of the Nonlinear CG algorithm is two-fold. First, for each iteration,

line search (see Section 2.3.5) will need several objective value (	 ) calculations (Eq. 2.26) which

require the inversion of the FEM system matrix (Eq. 2.19)S times per wavelength, i.e.,S forward

solutions per measurement wavelength.

Second, at each iteration, the gradient calculation in Equation 2.32 would requireS+max( M s)

forward solutions per wavelength if we were to computeG+ (r p; r m ) for each detector. However,

since we are interested in a weighted sum rather than indivudual adjoint �elds, gradient can be

computed with fewer forward solutions [8]. Consider the �rst term on the right hand side of the

equality in Equation 2.32:

SX

s=1

M sX

m=1

(M s;m � F s;m ) ( �
@Fs;m (� )

@xi
)

= � l (� )
SX

s=1

�( r p; r s)

"
M sX

m=1

(M s;m � F s;m )
�( r m ; r s)

G+ (r p; r m )

#

; (2.38)

= � l (� )
SX

s=1

�( r p; r s)� (r p; r s); (2.39)

where we de�ned

� (r p; r s) =
M sX

m=1

(M s;m � F s;m )
�( r m ; r s)

G+ (r p; r m ): (2.40)

For simplicity I have excluded the summation over wavelengths and assumed thatx i = Cl;p ,

l th tissue chromophore. Notice that� (r p; r s) in Equation 2.40 is the solution to adjoint diffusion

equation 2.36 with some weighted source term� (r p; r s), i.e. applying the adjoint operatorL + to
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� and using Equation 2.37 yields,

L + � =
M sX

m=1

(M s;m � F s;m )
�( r m ; r s)

L + G+ (r p; r m ); (2.41)

=
M sX

m=1

(M s;m � F s;m )
�( r m ; r s)

� (r p � r m ); (2.42)

= � (r p; r s): (2.43)

Hence after computing�( r s) for each source position, Equation 2.43 can be solved for� (r p; r s)

with the source term� (r p; r s). This reduces the number of forward solutions per wavelength re-

quired to compute the gradient in Equation 2.32 fromS + max( M s) to 2 � S, i.e., two forward

solution per source�( r p; r s) and� (r p; r s). Note that typically there will be more detectors than

sources especially in a charge coupled device (CCD) based detection. For example our 3D optical

breast imaging instrument (see Chapter 3) utilizesS = 45 sources andmax(M s) = 900 measure-

ments. After solving Equation 2.43, gradients with respect to scattering parametersA andb can

computed similarly usingr � (r p; r s).

The search direction computed in the Nonlinear CG algorithm does not require a matrix inver-

sion as in the Gauss-Newton framework described in the next section. Therefore it is especially

useful for systems with large number of source-detector pairs and largereconstruction domains

wherein building and inverting the Jacobian matrix can be computationally dif�cult and even im-

possible due to memory limitations.
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2.3.2 Gauss-Newton Method

Consider Equation 2.29 with
 = 1 . A quadratic modelf k (p) can be de�ned as a function of the

search directionp,

f k (p) = 	 k + pT r 	 k +
1
2

pT r 2	 kp: (2.44)

f k (p) can be minimized by settingr f k = 0 , which results in

r 2	 kpN
k = �r 	 k : (2.45)

pN
k is known as the Newton direction. In most cases unit step length
 = 1 is used in the

Newton method. Gauss-Newton method is the modi�cation of Newton's method with line search,

i.e., 
 is updated iteratively [65] . Unlike Equation 2.45, Gauss-Newton direction does not use the

explicit form of the Hessianr 2	 of the objective function, but rather uses an approximation as

given in the following explicit formulation [65].

Jacobian of the residual data vectory (see Eq. 2.27) is de�ned asM T OT � PT OT matrix of

�rst partial derivatives ofy , i.e.,

J(x) =
�

@yj
@xi

�
(2.46)

= �
�

@F j

@xi

�

j =1 ;2;:::;M T OT
i =1 ;2;:::;P T OT

(2.47)

The derivatives of	 can be described in terms of the Jacobian ofy and the derivatives of the
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regularization functional:

r 	 =
M T OTX

j =1

yj (x)r yj (x) + � R 0(x) = JT y + � R 0(x) (2.48)

r 2	 =
M T OTX

j =1

r yj (x)r yj (x)T +
M T OTX

j =1

yj (x)r 2yj (x) + � R 00(x)

= J(x)T J(x) +
M T OTX

j =1

yj (x)r 2yj (x) + � R 00(x) (2.49)

The regularization derivatives are provided in Section 2.3.4. In the Gauss-Newton method the

second term in Equation 2.49 is excluded fromr 2	 . This is possible when the residualsyj are

small or whenkr 2yj k are small, i.e., residuals are nearly linear functions. Gauss-Newton search

directionpGN is found by substituting the simpli�ed form of the Hessian andr 	 (Equation 2.48)

to Equation 2.45:

(JT
k Jk + � R 00(xk )) pGN

k = � (JT
k y + � R 0(xk )) (2.50)

H k pGN
k = gk ; (2.51)

whereH k = JT
k Jk + � R 00(xk ) andgk = � (JT

k y + � R 0(xk )) .

The storage and inversion of the approximate HessianH can be computationaly expensive and

sometimes impossible for large-scale problems. However, iterative solvers based on Krylov-space

methods such as GMRES [109] that require only matrix vector multiplications canbe used to solve

for pGN
k [113]. Note that onceJ is constructedH p GN can be obtained without explicitly creating

JT J [113].

Table 2.2 outlines the Gauss-Newton algorithm. Once the search direction is computed line
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Table 2.2: Gauss-Newton algorithm.
Givenx0;

Setk  0

loop
ComputeJk andR 0; R 00

SolveH k pGN
k = gk (GMRES);

Compute
 k (Line Search) and setxk+1 = xk + 
 kpGN
k ;

k  k + 1 ;

while 2(	 k � 	 k � 1 )
j	 k j+ j	 k � 1 j < � or k < Max Number of Iterations

search routines calculate the inexact step length
 . The stopping criteria� can be set to 10� 5 and

the algorithm can be set to loop 20 times.

Finally, I provide the explicit form of the Jacobian matrix de�ned in Equation 2.46, since the

indicesi and j may be hard to interpret, i.e.,i; j alone do not provide measurement's source-

detector position and wavelength or the reconstructed parameter's type and spatial location. The

residual vectory can be expressed in terms of sub-wavelength measurement vectorsy � n of size

M � :

y = [ y � 1 y � 2 : : : y � N ]T : (2.52)

The Jacobian matrix consists of smaller matrices each indicating the weight of a certain pa-

rameter for a given measurement wavelength:
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J =

2

6
6
6
6
6
6
6
6
6
6
4

J � 1 (C1) J � 1 (C2) � � � J � 1 (CL ) J � 1 (A ) J � 1 (b)

J � 2 (C1) J � 2 (C2) � � � J � 2 (CL ) J � 2 (A ) J � 2 (b)

...
...

...
...

...
...

J � N (C1) J � N (C2) � � � J � N (CL ) J � N (A ) J � N (b)

3

7
7
7
7
7
7
7
7
7
7
5

: (2.53)

Here eachJ � n (x) is a sub-matrix of sizeM � � P and has the following structure

J � n (x) = �

2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

@F 1;1 (� n )
@x1

@F 1;1 (� n )
@x2

� � � @F 1;1 (� n )
@xP

...
... � � �

...

@F 1;M 1 (� n )
@x1

@F 1;M 1 (� n )
@x2

� � �
@F 1;M 1 (� n )

@xP

...
... � � �

...

@F S;M S (� n )
@x1

@F S;M S (� n )
@x2

� � �
@F S;M S (� n )

@xP

3

7
7
7
7
7
7
7
7
7
7
7
7
7
7
5

: (2.54)

The Fŕechet derivatives@F =@xare provided in Equation 2.33.

The convergence advantage brought by utilizing the second-order gradient in the Gauss-Newton

method comes at the price of large number of forward solutionsS + max( M s) per measurement

wavelength to build the Jacobian matrix, and a huge memory load to store the Jacobian matrix.

The parallelization Section 2.3.6.2 discusses possible solutions to reduce the timespent on for-

ward solvers and to manage the memory requirements.

2.3.3 Convergence comparison between Nonlinear CG and Gauss-Newton

In this section, the convergence of Nonlinear CG and Gauss-Newton methods are compared with

a simple 2D simulation. Forward data was generated with a �nite element mesh of 4159 nodes

at 32 source and detector position equally spaced along the circumference of a circular medium 7
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cm in diameter (see Figure 4.3 for optode placement). Two circular absorption inhomogeneities

of 2.0 cm and 1.6 cm in diameter with� a = 0.1 and 0.5 cm� 1 respectively were embedded in an

otherwise background of� a = 0.25 cm� 1 and� 0
s = 10 cm� 1. The images were reconstructed with

both of the algorithms using a regular 50� 50 pixel basis without any regularization� = 0 .

0 100 200 300 400 500
10

-2

10
0

10
2

10
4

CPU time (secs)

Y
 (

x)
Nonlinear CG
Gauss-Newton

Figure 2.3: Objective function values generated with Gauss-Newton (reddiamonds) and Nonlinear
CG (blue squares) as a function of CPU time.

Figure 2.3 displays the objective function values	( x) generated by Nonlinear CG (blue squares)

and Gauss-Newton (black circles) methods as a function of CPU time. For both algorithms the

maximum iteration limit was set to 10, i.e.,	 k with k = 0 : : : 10 where	 0 is the initial objective

value corresponding to initial homogeneous guess with� a = 0.25 cm� 1 and� 0
s = 10 cm� 1. At t =

206 sec Gauss-Newton �nishes thek = 10 th iteration with a	 value two orders of magnitude less

than that of Nonlinear CG algorithm.

Each algorithm has a different timing per iteration, thus I compare images based on CPU

time rather than iteration. To this end, I select the images reconstructed at the iterations close

to t = 200 sec which correspond to 5th and10th iterations for Nonlinear CG and Gauss-Newton,
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respectively. Figure 2.4 (a) shows the target and the reconstructed images with Nonlinear CG and

Gauss-Newton. Figure 2.4 (b) plots the target and reconstructed image pro�les along the red line

drawn across the objects (Figure 2.4 (a)). The contrast and the shapeof the objects retrieved with

Gauss-Newton are superior to that of Nonlinear CG. Clearly Gauss-Newton algorithm converges

much faster than the Nonliner CG by utilizing second order gradient information in optimization.
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Figure 2.4: (a) Comparison of images reconstructed with Nonlinear CG and Gauss-Newton. Target
consists of circular absorption inhomogeneties. The images reconstructedat the iterations close to
t = 200 sec which correspond to 5th and 10th iterations of Nonlinear CG and Gauss-Newton,
respectively. (b) Target and reconstructed image pro�les are plotted across the embedded objects.
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2.3.4 Regularization

Diffuse optical image reconstruction is an ill-posed, ill-conditioned inverse problem, i.e., mapping

from the data domain to image domain is not well-de�ned (nonexistence, non-uniqueness of the

solution) or discontinuous, and the solution is not stable with respect to small variations of the

data. Hence the reconstructed absorption chromophore and scattering parameters will be distorted

by noisy and incomplete data. In order to suppress the noise and obtain smoother images, regular-

ization methods are employed wherein additional information about the solution isincluded in the

optimization.

In a well-known regularization method, Tikhonov regularization [84], the additional informa-

tion R(x) presents a preference towards a default solutionx0, and it is incorporated in the objective

function with a weighting factor� as in Equation 2.27:

	 =
1
2

y T y + � R(x); (2.55)

= Y(x) + � R(x); (2.56)

whereY(x) = 1 =2y T y .

R(x) will try to make the solution close to some default solutionx0 by minimizing the norm

kx � x0k2, or more generally the norm of a linear operatorL acting on this difference. The
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following equations de�ne the regularization functionalR , and its derivatives:

R(x) = kL (x � x0)k2 (2.57)

R 0(x) = 2 L T L (x � x0) (2.58)

R 00(x) = 2 L T L : (2.59)

Since all absorption chromophores and scattering parameters will be regularized similarly, i.e., the

only difference will be due to the spatial coordinates of the parameter, I willtakex as a vector of

sizeP (sampling basis size) andL as aP � P matrix. Practically we use initial guess of optical

parameters forx0. As for the linear operatorL , we will consider two forms.

Figure 2.5: Illustration of a generic L-curve. Optimum choice for� lies on the corner of the
L-curve.

In most of the human breast DOT cases we have utilized the spatially variant form of regu-

larization [32, 101]. In this case we de�neL to impose lower regularization at regions distant to

optode positions to compensate for the degragation of DOT resolution and contrast with increased
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distance from optodes:

(L T L) i;j = 1 + 10
�
expf (2

Yi � Yc

DY
)2g +

expf (
X i � X c

DX
)2 + (

Z i � Zc

DZ
)2g � 2

�
if i = j; 0 otherwise: (2.60)

HereDX ; DY ; DZ are the dimensions of the medium,(X i ; Yi ; Z i ) and(X c; Yc; Zc) designate the

spatial coordinates of the basis componenti , and of the center of the medium, respectively.

Another alternative de�nition forL provides a smoother gradient across the basis points:

(L T L) i;j =

8
>>>>>><

>>>>>>:

ni if i = j

� 1 if j is neighbour of i

0 otherwise:

(2.61)

whereni is the number of neighbours of basis pointi . For a 3D problem we use a six-connected

neighbourhood.

The value of the regularization parameter,� , is set by a graphical tool called the Tikhonov

L-curve [44]. To generate the Tikhonov L-curve, DOT inverse problem is solved for several values

of � , and the resulting (R � ; Y� ) pairs are plotted as in Figure 2.5. Lower� indicate inadequate

regularization with highR values where the high frequency �uctuations in the image are not suf�-

ciently suppressed. Reconstructions with large values of� on the other hand, are smoothed more

than necessary, degrading image resolution and contrast. Optimal� is obtained when both data

mis�t and R are at their lowest possible values. In other words, The corner of the L-curve deter-

mines the optimum� value.
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2.3.5 Line Search Routine

In this section I try to describe the inexact line search algorithm used in the software package

TOAST [113]. For detailed description of generic line search algorithms and conditions for con-

vergence see reference [65].

After �nding the search directionpk , the inverse algorithm calls the line search routine to

obtain the step size
 k in order to update the solution, i.e.,

xk+1 = xk + 
 kpk : (2.62)

The line search algorithm essentially minimizes a univariate function' (
 ) = 	( xk + 
 pk ),

i.e., the step length
 k is set by


 k = arg min



' (
 ): (2.63)

The algorithm in Table 2.3 describes the line search procedure.f ~
 i g denotes the sequence of

the trial step lengths used internally in the algorithm. The initial estimate~
 0 is set to the step length

found in the previous global iteration,
 k� 1 or to 0:1kx0k=kp0k if it is the �rst iteration k = 0 .

The minimization procedure (Eq. 2.63) is then completed in two phases: Bracketing phase �nds

an interval of acceptable step lengths and determines three
 values written in vector from~
 q for

quadratic interpolation. Figure 2.6 displays a sketch of the line search procedure. The points used

for the quadratic interpolation (in red color) depend on whether the initial~
 0 has caused an increase

(Fig. 2.6 a) or a decrease (Fig. 2.6 b) in' (
 ).

The second phase assigns
 k the value that corresponds to the minimum of the interpolated

quadratic function. If the quadratic function has the forma
 2 + b
 + c then the minimum is at
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Table 2.3: Line-Search algorithm used in TOAST.
Givenk; xk , pk and
 k� 1;

Set~
 0 =
�

0:1 kx0k=kp0k if k = 0

 k� 1 if k > 0

;

Bracket the Minimum

if ' (~
 0) � ' (0) (Increase Step Length);

i  1;

~
 i = 2 ~
 i � 1;

while ' ( ~
 i ) < ' (~
 i � 1);

i  i + 1 ;

~
 i = 2 ~
 i � 1;

end (while)

Set
 q = (~
 i � 2; ~
 i � 1; ~
 i );

else(Decrease Step Length)

i  1;

~
 i = 1=2 ~
 i � 1;

while ' ( ~
 i ) > ' (0);

i  i + 1 ;

~
 i = 1=2 ~
 i � 1;

end (while)

Set
 q = (0 ; ~
 i ; ~
 i � 1);

end (if)

Quadratic Interpolation

Use three chosen pairs above to obtaina; bin a
 2 + b
 + c;

Return
 k = � b=2a;
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(a) (b)

Figure 2.6: Illustration of the line search procedure. (a) If the initial step length~
 0 yields a decrease
in ' then the step length is doubled until' starts increasing. (b) If the initial step length causes
an increase in' then~
 is halved until' (
 ) < ' (0). The resulting pairs (red points) are used for
quadratic interpolation.
 value that corresponds to the minimum of the quadratic function is set
as the step length for thekth iteration.
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� b=2a, hence
 k = � b=2a. Values ofa andbcan be derived as follows:

a =
�

' (
 q(3)) � ' (
 q(1))

 q(3) � 
 q(1)

�
' (
 q(2)) � ' (
 q(1))


 q(2) � 
 q(1)

�
(
 q(3) � 
 q(2)) � 1 (2.64)

b =
' (
 q(3)) � ' (
 q(1))


 q(3) � 
 q(1)
� a(
 q(3) + 
 q(1)) : (2.65)

2.3.6 Parallelization of Image Reconstruction

In the algorithm sections, I have discussed the computational loads relevant to Non-linear CG and

Gauss-Newton methods. In the following sections, I will present how parallel computing can be

used to improve the speed and memory requirements of each algorithm.

2.3.6.1 Parallelization of Non-linear CG

In general one of the costly part of the inverse DOT algorithms is the forward solution. For the Non-

linear CG algorithm especially, forward solution routine is the key to compute both the objective

function and the search direction, and thus called frequently. Fortunately, the forward solution for

each source position can be computed independently of others. Parallel computing exploits this

independence by distributing forward solvers to each compute node in equal numbers.

Figure 2.7 shows the �owchart for parallel Non-linear CG DOT algorithm. Each computer has

its own CPU and memory, and communicate with each other through a popular framework called

Message Passing Interface (MPI). In a computer cluster composed ofQ + 1 processors or compute

nodes, each node is assigned a proccessor number, Node 0 being the master. Initialized with user

input parameters such as FE mesh, data, initial guess etc. Thei th node is assigned a range of

source indices[si : : : si +1 ) for which it solves the forward problems (see Eq. 2.19). The master
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Figure 2.7: Parallel Algorithm for Non-Linear CG.
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node holds the unknown parameter vectorx and broadcasts the optical parameters� a; � 0
s to other

compute nodes when necessary. The compute nodes then return their part of the forward solution

�( r [si :::si +1 ) ) and� (r [si :::si +1 ) ) (see Eq. 2.40) to master node in order to obtain the gradientr 	( x)

and the search direction. The master node computes the step size length
 appropriate to the new

search direction wherein	( x) values are obtained through forward solvers distributed to compute

nodes. Convergence criteria based on the new solutionx and iteration count is checked by the

master and the process is repeated if necessary.

2.3.6.2 Parallelization of Gauss-Newton

In this section a parallel DOT algorithm suited to Gauss-Newton method is discussed. One major

difference from the Non-linear CG parallel algorithm lies in the implementation scheme: Rather

than master node alone controlling and updating the state variablex and the compute nodes only

solving the forward problem when required, in this implementation every compute node solves

the inverse problem synchronously by distributing and sharing the computational load among each

other. In a way, this implementation is better parallelized compared to the previousscheme (Section

2.3.6.1).

As discussed in Section 2.3.2 the Gauss-Newton algorithm requires a matrix inversion to com-

pute a search direction, i.e.H p GN = g (see Eq. 2.51). Recall thatH = JT J + 2� L T L . Here

the regularization operatorL is a sparse matrix close to identity, howeverJ is aM T OT � PT OT

dense matrix. In an experimental scenario where there areM T OT = 100; 000total measurements

(20,000 per wavelength) and oxy- deoxy-hemoglobin, water, lipid concentration, scattering pref-

actorA to be reconstructed on a basis with 20000 pixelsPT OT = 5 � 20; 000 = 100; 000, the

Jacobian matrix will require almost 75 GB of memory. Computers with 64-bit architecture can
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Figure 2.8: Parallel Algorithm for Gauss-Newton.
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handle this memory requirement based on the memory capacity and the arti�cial limitset by the

operating system. The MICROWAY computer cluster operated by our lab, has 13 compute nodes

each with 64-bit architecture, however, with only 6 GB of RAM (with max 16 GBlimit of the

board), hence we cannot handle a Jacobian of size greater than30; 000� 30; 000.

The parallel implemantation outlined in the �owchart in Figure 2.8 below solves theproblem of

memory requirement by letting each compute node build only certain rows of the Jacobian matrix.

After the initialization step, each compute node (i ) constructs and stores part of the Jacobian,

Jpart (i ) :

J =

2

6
6
6
6
6
6
6
6
6
6
4

Jpart (0)

Jpart (1)

...

Jpart (Q)

3

7
7
7
7
7
7
7
7
7
7
5

: (2.66)

In order to invert Equation 2.51 and obtainpGN , we utilize GMRES method [109] where

the inversion requires only matrix vector multiplications. This favors the implementation of the

parallelpGN computation. All the compute nodes call GMRES routine wherein each compute

node multiplies its part of the Hessian (regularization part omited for simplicity) withsome column

vectorv , i.e.,

JT
part (i )Jpart (i )v = JT

part (i )zpart (i ) ; (2.67)

= bpart (i ) ; (2.68)
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and the resulting vectorsbpart (i ) are summed through special MPI routines in order to obtain

b =
QX

i =0

bpart (i ) ; (2.69)

whereb is the column vector that would otherwise be obtained using the full Jacobian

b = JT Jv : (2.70)

The equivalance of twob de�nitions given in Equations 2.69 and 2.70 can be easily shown as

follows:

b = JT J v = JT

2

6
6
6
6
6
6
6
6
6
6
4

Jpart (0)

Jpart (1)

...

Jpart (Q)

3

7
7
7
7
7
7
7
7
7
7
5

v = JT

2

6
6
6
6
6
6
6
6
6
6
4

zpart (0)

zpart (1)

...

zpart (Q)

3

7
7
7
7
7
7
7
7
7
7
5

(2.71)

=

2

6
6
6
6
6
6
4

JT
part (0) JT

part (1) : : : JT
part (Q)

3

7
7
7
7
7
7
5

2

6
6
6
6
6
6
6
6
6
6
4

zpart (0)

zpart (1)

...

zpart (Q)

3

7
7
7
7
7
7
7
7
7
7
5

(2.72)

= bpart (0) + bpart (1) + : : : + bpart (Q) (2.73)

The resulting sum vectorb in Equation 2.69 is broadcasted to every node in the system, hence

at the end of the GMRES routine each processor has the full search direction, pGN . Each node

then utilizes the search direction to determine the step length factor
 by calling the line search
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procedure wherein several objective function (	 ) evaluations and hence forward solutions (� )

are required, and are distributed among the compute nodes similar to the schemeshown in the

parallelization of Non-linear CG algorithm (Section 2.3.6.1). At the end of the line search each

compute node ends up with the same step size
 and updates the solutionx until the convergence

criteria are met.

2.4 Summary

This chapter discussed our DOT image reconstruction methods appropriateto multi-spectral model.

Image reconstruction was treated as an optimization problem wherein we seekthe solution by min-

imizing an objective function composed of data mismatch and regularization terms.The approach

starts with an initial guess and �nds a descent direction and chooses an appropriate step length

by inexact line search in order to update the current solution. The descent direction calculation is

achieved by utilizing the �rst and second order gradients of the objectivefunction that yields to

Nonlinear CG and Gauss-Newton algorithms respectively.

Second order gradient information certainly gives the Gauss-Newton method a faster conver-

gence advantage over Nonlinear CG as demonstrated in Section 2.3.3. Note however that the sim-

ulation in Section 2.3.3 only utilized 32� 32 source-detector pairs. In an experimental scenario

wherein there are 45 sources and 900 detectors Gauss-Newton will require 945 forward solution

to compute the Jacobian matrix whereas Nonlinear CG needs only 2� 45 = 90 forward solutions

(see Section 2.3.1). In this case, due to the time spent to build the Jacobian matrix, Gauss-Newton

method can loose its speed advantage. Furthermore memory requirement forthe Jacobian can

make Gauss-Newton DOT infeasible for large domains with many optode pairs.To this end, par-

allelization of the inverse problem plays an important role. In section 2.3.6, wehave shown that
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both Nonlinear CG and Gauss-Newton can be parallelized by distributing the forward calculations

to different compute nodes. Parallelization of Gauss-Newton method (Section2.3.6.2) has also

demonstrated a scheme to distribute the Jacobian matrix reducing the memory requirement per

compute node. The use of computer clusters with suf�cient memory will ease the use of Gauss-

Newton method and enable to utilize its effective descent search direction in multi-spectral DOT.
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Chapter 3

Instrumentation

3.1 Introduction

In this chapter, two instruments utilized forin vitro andin vivo DOT experiments are brie�y de-

scribed: The �rst instrument is a clinical, parallel plate DOT instrument that has been used to

collect bothin vitro andin vivo transmission and �uorescence data. The second instrument is a

spectrometer with two halogen light sources and three detection channels.

3.2 Parallel plate DOT instrument

Figure 3.1 illustrates the clinical instrument. We use it to obtain both intrinsic and �uorescent dif-

fuse optical images of tissue phantoms and human breast. The instrument's imaging capabilities,

based on endogenous contrast, have been demonstrated previously withphantoms and in human

subjects [28,32]. Furthermore, agreement with MRI in a case study of locally advanced breast can-

cer during neoadjuvant chemotherapy treatment has validated the potentialof this DOT instrument

for breast cancer imaging [28].
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Only used for Fluorescence DOT

Figure 3.1: Schematic of parallel plate DOT instrument. The subject lies in prone position with
breasts suspended in the breast box. Continuous wave (CW) transmission and frequency-domain
(FD) remission measurements are performed simultaneously. 45 sources and 9 FD detectors are
positioned on the compression plate in a 9� 5 and 3� 3 grid arrangement, respectively. For �uores-
cence measurements spectral �lters are introduced in front of the detectors. A diode laser at 786
nm is utilized for excitation of ICG and �uorescence detection.

In practice the female subject lies in prone position with her breast suspended in a box �lled

with a �uid mixture of 30% Lyposin III (Abbott Laboratories, Chicago,IL),and India ink (Black

India 4415, Sanford, Bellwood, IL) whose optical properties are similar to those of human tissue.

Hereafter we will refer to this mixture as “matching �uid”. The cancerous breast is centered

between the soft compression plate and the viewing window. The compression plate (Fig. 3.1)

contains 45 source �bers of 200� m in diameter (FIS) arranged in a 9 x 5 grid numbered from

left to right starting with the upper left source. An optical switch (Dicon Fiber Optics, Richmond,

CA) is utilized to deliver light from four sinusoidally intensity modulated (70 MHz)laser diodes

operating at 650, 690, 786 and 830 nm to each grid position. The laser power level varies depending

on the wavelength and the source position, with an average of 10 mW. Figure3.2 illustrates the

orientation of the reconstructed images.
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Figure 3.2: The orientation of image slices are shown beneath the instrument.

CCD sensor E2V CCD36-40, Back Illuminated
CCD pixels 1340� 1300 imaging pixels,20� 20� m in size
Read noise 8 e� rms at 1MHz
Dark current 0.1 e� /p/s at -40o C
Nonlinearity < 2%
Nonuniformity < 4% over entire CCD
Dynamic range 16 bits
Frame readout < 1.8 seconds for full frame at 1 MHz
Operating temperature -40o � 0:05oC with TEC

Table 3.1: CCD specs.

Light detection is accomplished in reemission through nine �bers located on thecompression

plate (Fig. 3.1) and in transmission through a lens coupled 16-bit thermoelectrically cooled CCD

(Roper Scienti�c, Trenton, NJ, VersArray:1300F, 1340� 1300 pixel). The region of interest covers

an area of 16� 11 cm and imaged onto 570� 400 binned pixels (2� 2 on-chip binning). The

CCD specs are provided in Table 3.1.

The remission �bers are connected to a frequency domain detection module which provides

phase- and amplitude-data for determination of the bulk optical properties ofthe matching �uid

and tissue. The bulk properties determined therein are used as an initial estimate in the DOT

reconstruction. See Section 2.2.1 for the analytical forward model used toinvert reemission data.
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For the ICG [60] �uorescence measurements (FDOT), two spectral �lters are placed in front of

the CCD camera in the following order. An 830 nm bandpass �lter with 10 nm FWHM (OD = 4,

CVI Laser Inc.) is placed �rst, and a 785 nm notch �lter (OD = 6, Semrock Inc) is placed second.

In this way the incoming excitation light �rst passes through the notch �lter andthe possibility for

detection of excitation-light-induced bandpass �lter auto�uorescence is eliminated.

3.3 Portable broadband spectroscopy device

Figure 3.3(a) illustrates the spectrometer system composed of two spectrometers and two halogen

light sources. Spectrometer-1 is a single channel device (Ocean Optics QE65000) with a grating

optimized for 600 nm to 950 nm wavelength range and with a high quantum ef�ciency (up to

90%) backthinned linear CCD array. Spectrometer-2 (Ocean Optics SD2000) has two separate

detection channels both covering the same wavelength range (550nm - 950nm) with 40 % quantum

ef�ciency. The working principle of the spectrometers is illustrated in Figure3.3(b).

The halogen light sources (Ocean Optics HL-2000-FHSA-HP) provide�ber coupled illumi-

nation at wavelengths between 360 nm and 1700 nm each with output of 20 W. Figure 3.3(c)

illustrates their spectral distribution of power spectra as recorded by the Spectrometer-2. The TTL-

shutter enables to turn the lamps on/off during data acquisition. A laptop computer acquires data

and controls lamps' shutter through the USB connection with the spectrometers.

The system provides CW broadband data that can be utilized in a multi-spectral framework,

and has greater portability and maintenance with respect its FD counterparts. As discussed in

Chapter 4 multi-spectral method reduces the absorption and scattering cross-talk associated with

CW data. A simple titration experiment conducted with this instrument is presented inSection

4.4.1.
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(a) (b)

(c)

Figure 3.3: (a) The device is composed of a single channel and a two-channel spectrometer, and
two halogen white light sources. (b) Light entering the spectrometer is collimated on the grating.
The diffracted light is focused on the linear CCD array. (c) Spectral distribution of light source as
recorded by the Spectrometer-2.

49



Chapter 4

Non-uniqueness in CW DOT revised

under Multi-Spectral Constraints

4.1 Introduction

In case of continuous-wave (CW) measurements, it has been shown theoretically that different

sets of absorption and scattering parameters can yield identical data [6]. CW DOT inversions will

have cross-talk between absorption and scattering. In this chapter the non-uniqueness problem

inherent in CW DOT is described, and a multi-spectral approach that will potentially reduce the

cross-talk with the correct measurement wavelengths is presented. The choice of wavelengths will

be based on two considerations, i.e. separation of absorption from scattering (non-uniqueness) and

separating absorption chromophores from one another.

Supporting results from computer simulations and broadband spectroscopy are discussed in

Sections 4.3.1 and 4.4.1, respectively. In Section 4.4.2in vivo3D images reconstructed with tradi-

tional and multi-spectral DOT methods are compared.
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4.2 Non-uniqueness in CW DOT

I start with the non-uniqueness concept as demonstrated by Arridgeet al [6]. The solution domain


 is divided into two sub-domains
 0 and
 1 as shown in Figure 4.1, i.e.,
 = 
 0 [ 
 1. The

purpose of this division is to distinguish the region
 0 where the source termqo (see Eq. 2.1) is

always zero, from the region
 1 where the isotropic source distribution is contained. This is in fact

equivalent to placing the sourcezo - typically taken as1=� 0
s - inside the medium.

Figure 4.1: The solution domain
 can be decomposed into two sub-domains
 0 and
 1 where
sources are localized entirely in
 1.

The diffusion equation (Eq. 2.1) is simpli�ed to a Helmholtz-type equation with the change of

variables
 2 = D and	 = 
 � and takes the form

�r 2	( ! ) + � (! )	( ! ) =
qo(! )



; (4.1)

where� = � o + i!� , with

� o = (
r 2




) +

� a


 2 ; � =
1

v
 2 : (4.2)
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Two conditions must be met in order to have two sets of samples(D; � a) and( ~D; ~� a) produc-

ing the same solution	 [6]:

Condition 1: ~� (! ) = � (! ) everywhere in
 ,

Condition 2: ~D = D everywhere in
 1.

Second condition above requires both sets to have the same right hand sidein Equation 4.1 and

the same� = 	 =
 . Any different set~D has a different
 2 = ~D, and hence a different� = 1=v
 2.

In general this violates the �rst condition given above, i.e.~� (! ) = � (! ). However, for! = 0

(CW case)� reduces to� o. In this case it becomes possible to �nd in�nitely many( ~D; ~� a) sets

that satisfy the two conditions above. An arbitrary function� D equal to zero in
 1 can be added

to yield ~D = D + � D , which satis�es the second condition. For the �rst condition to hold, one

has to �nd a� � a in terms of the arbitrary function� D such that

~� o( ~D; ~� a) = � o(D; � a); (4.3)

where~� a = � a + � � a. The equality in Equation 4.3 holds when [6]

� � a = ~D

( 
r 2

p
D

p
D

!

+
� a

D
�

"
r 2

p
~D

p
~D

#)

� � a: (4.4)

The resulting set( ~D; ~� a) satis�es the two non-uniqueness conditions and produces an identical

data set as explicitly shown in reference [6]. Since in�nitely many arbitrarychoices for� D exist,

this result states that the inverse solver is likely to introduce cross-talk between absorption and

scattering when the measurement type is CW.
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4.3 Non-uniqueness revised under Multi-spectral constraints

The non-uniqueness problem is now analyzed in the multi-spectral method framework. Using the

relations given in Equations 2.5 and 2.7, analogous conditions are derived where the parameters

D; � a are replaced byA; b; Cl , and these conditions are extended to multiple wavelengths.

Assume there exists another set~b; ~A; ~Cl with ~b = b; ~A = A + � A; ~Cl = Cl + � Cl . Here for

practical reasonsb is not regarded as an unknown, instead it assumed to be spatially constantand

known, i.e.b(r ) = b. These two sets give identical data if the conditions given earlier are ful�lled.

Given the arbitrary function� A (zero everywhere in
 1) the �rst condition (~� o = � o, see Eq. 4.4)

can be rewritten in terms of the new multi-spectral parameters as

1

h(� b; ~A)

X

l

� l (� )
� b

�
� A

~A
Cl + � Cl

�
= 1 ; (4.5)

where

h(� b; ~A) =
1

3 ~A

0

@r 2
p

� b=3A
p

� b=3A
�

r 2
q

� b=3 ~A
q

� b=3 ~A

1

A : (4.6)

Sinceb(r ) is assumed constant,h(� b; ~A) reduces to

h( ~A) =
1

3 ~A

0

@r 2
p

1=3A
p

1=3A
�

r 2
q

1=3 ~A
q

1=3 ~A

1

A : (4.7)

So far our analysis has been limited to single wavelength, and Equation 4.5 simplyrestates the

non-uniqueness criterion in terms of the wavelengthindependentvariablesCl ; A andb. The dra-

matic improvement of the multi-spectral method comes from using all measurement wavelengths

simultaneously.

I now investigate theunlikelinessthat two different parameter sets are able to produce identical
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data simultaneously at all the measurement wavelengths. Suppose there areN measurement wave-

lengths, andL chromophores(Cl ), then the non-uniqueness condition becomes a matrix equality

where each row represents Equation 4.5 for the wavelength(� n ):

2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

� 1 (� 1 )
� b

1

� 2 (� 1 )
� b

1
� � � � L (� 1 )

� b
1

...
...

...
...

� 1 (� N )
� b
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6
6
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6
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5

+
1

h( ~A)

2
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6
6
6
6
6
6
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6
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...
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7
7
7
7
7
7
7
7
7
7
7
7
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C
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=

2
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6
6
6
6
6
6
6
6
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6
6
6
6
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1

...

1
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7
7
7
7
7
7
7
7
7
7
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(4.8)

E w = 1: (4.9)

HereE denotes the wavelength dependent matrix.

The inverse problem will have non-unique solutions ifEw is equal or very close to1. There-

fore the choice ofE and ergo, the wavelengths used, affects the reconstruction. The desired wave-

lengths form a matrixE such that the distance between the closest solution to Eq. (4.8) and the vec-

tor 1 is maximized. The closest solution is given in a least squares sense aswo = ( ET E) � 1ET 1

[117], and the residual normR = k1 � Ew ok, can be interpreted as the distinguishability pa-

rameter. The closerR is to zero, the closerwo will be to ful�lling conditions for non-uniqueness.

Wavelength choices that maximizeR, de�ne the �rst criterion for selecting optimal wavelengths.

Next a criterion in order to distinguish chromophore concentrations among themselves is con-

sidered. Equation (2.5) can be written in a matrix form forN wavelengths;� a ( � ) = � C, i.e.
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: (4.10)

When the matrix given in Eq. (4.10) has smooth singular value distribution, each chromophore

is expected to have similar contributions to absorption. The condition number� (� ) - the ratio of

the maximum to minimum singular value - can be used as a measure of the smoothnessof � . When

� is small, measurements have equal sensitivity to each chromophore; hence the cross-talk within

the absorption chromophores is minimized. Wavelength choices thatminimize� de�ne the second

criterion for selecting optimal wavelengths.

4.3.1 Choice of optimum wavelengths and simulations

In this section, we consider how certain wavelength choices affect the results, and we verify these

ideas with computer simulations using four chromophores oxy-hemoglobin, deoxy-hemoglobin,

water and lipid as the main absorbers.

For a medium withL = 4 absorption chromophores taken as oxy-hemoglobin (HbO2), deoxy-

hemoglobin (HbR), water (H2O) and lipid, at leastN = 5 wavelengths are required when the

scattering prefactorA is also allowed to vary. Each set of �ve wavelengths has some value for

residual normR and condition number� , given the extinction coef�cients [105] and the scattering

powerb. Figure 4.2 shows the scatter plot ofR and� values computed with four chromophores

and �ve wavelengths with the scattering powerb = 1 :3 [41]. The wavelengths were chosen from
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Figure 4.2: Each point represents a set of 5 wavelengths. Residual norm, R, and condition number,
� , of each set are calculated for 4 chromophores HbO2, HbR, H2O and lipid as described in section
??. Points 1, 2 and 3 are selected as extreme points with high and lowR; � values.

the 650 - 930 nm range (based on SNR calculations for 6 cm optode separations in a transmission

geometry) spaced in 6 nm intervals. Three sets from different regions of Fig. 4.2 are considered:

The �rst set from low values ofR and� , the second set from high values ofR and� , the third set

from high values ofR and low values of� . These wavelength sets are tabulated in Table 4.1 with

their correspondingR; � values. Based on the analysis in section 4.3, the third set is expected to

be the optimal set.

Set Wavelengths (nm) � R
1 740, 788, 866, 902, 926 36:5 4:5 � 10� 6

2 650, 700, 716, 860, 890 634:0 5:4 � 10� 1

3 650, 716, 866, 914, 930 36:4 4:3 � 10� 1

Table 4.1: Wavelength sets chosen from Figure 4.2 and corresponding condition numbers (� ) and
residual norms (R).

In order to clearly see the effects ofR and � on our choice of wavelengths two different
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Figure 4.3: Geometry of the circular media used in the simulations. 32 source-detector pairs are
equally spaced along the circumference. The �rst medium (a) has four absorbing objects and the
second medium (b) includes an additional scattering object. Both media are 7 cm in diameter with
objects of 1.6 cm in diameter.

circular (2D) media with similar geometry are simulated, but one with an extra scattering inho-

mogeneity. Figure 4.3 shows the geometries of target media used in the simulations. Both media

are 7 cm in diameter with 1.6 cm objects embedded in a homogeneous background. The �rst

medium (Fig. 4.3 (a)) is composed of four objects with different absorptionperturbations due to

different chromophores. The second medium (Fig. 4.3 (b)) has an additional �fth object with a

scattering inhomogeneity due to scattering prefactorA. Table 4.2 lists the concentrations and the

scattering prefactor values with corresponding object locations. Background values correspond to

� a = 0 :06cm� 1 and� 0
s = 7 :6 cm� 1 at � = 800 nm [41].

A �nite element mesh (see Section 2.2.2) with 4159 nodes were used to generate forward CW

data at 32 source and detectors equally spaced along the circumference. In order to imitate real data

acquisition, 1% random gaussian noise was added to the data. Images of absorption chromophores

and scattering prefactorA were reconstructed using the Non-linear CG algorithm discussed in

Section 2.3.1.
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Location HbO2 HbR H2O Lipid A
(� M) (� M) (%) (%) (10� 6bmmb� 1)

background 20 10 27 25 4500
Object # 1 40 10 27 25 4500
Object # 2 20 20 27 25 4500
Object # 3 20 10 54 25 4500
Object # 4 20 10 27 50 4500
Object # 5 20 10 27 25 9000

Table 4.2: Chromophore concentration and scattering coef�cient prefactor values of the back-
ground and the test objects.
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Figure 4.4: Image reconstruction results of the �rst medium. Images of chromophores HbO2, HbR,
H2O, and lipid are shown in consecutive rows. The leftmost column shows the expected target
object locations and the rest of the columns display the reconstructed imagesof chromophores for
sets 1, 2 and 3.
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Figure 4.4 shows the reconstructed chromophore images simulated in the �rstmedium. Each

row corresponds to a different chromophore with the target locations shown in the �rst column and

the subsequent columns display the reconstructed images for wavelength set 1, 2 and 3. Set 1 and

3 give similar images, however set 2 due to its high� value fails to distinguish between H2O and

lipid.

20
30
40

10
15
20

36
54
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(1) (2) (3)
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HbR

H O
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A

 Conventional

Figure 4.5: Reconstructed images for the second target medium. Target images of HbO2, HbR,
H2O, lipid, andA are shown in the �rst, second, third, fourth and �fth rows of the leftmost col-
umn respectively. The images shown in the second to fourth columns are reconstructed with the
multi-spectral method for sets 1, 2 and 3. The images in the rightmost column are obtained using
conventional DOT image reconstruction with the wavelengths in set 3.

Reconstruction results for the second medium wherein a scattering (�fth) object was embed-

ded, are shown in Fig. 4.5. The �rst set with the addition of scattering object gives a low contrast

(15 �M peak) for HbR image and shows some cross-talk between absorption chromophores (not

present in absence of scattering, Fig. 4.4). The second set has reduced scattering cross-talk with
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respect to �rst set, but still exhibits very low contrast for the H2O image. The third set gives the

best contrast and localization for all the �ve target objects consistent withour expectation of op-

timum wavelength set to have highR and low � value. The wavelengths in the third set were

also used with the conventional DOT image reconstruction scheme wherein absorption and scatter-

ing at each wavelength are obtained �rst, and then decomposed into chromophore concentrations

images as shown in the last column of Fig. 4.5. The scattering cross-talk in the chromophore

images clearly demonstrates the superiority of the multi-spectral method over thetraditional DOT

method. (Note that no regularization or matrix scaling techniques were employed in any of the

image reconstructions.)

4.3.2 Optimum wavelength distributions

In this section wavelength distributions in Fig. 4.2 are examined more closely using histograms.

Optimum sets for the case with four absorption chromophores (HbO2, HbR, H2O, Lipid) and �ve

measurement wavelengths are considered �rst. Notice that scattering is implicitly included, i.e.,

theR and� values are calculated based on absorption chromophores to be extractedand number

of measurement wavelengths. The optimum wavelength sets are de�ned as the sets (points) in

neighborhood of set 3 in Fig. 4.2. The neighborhood of set 3 is chosenas the points falling in a

somewhat arbitrary range de�ned to beR � 0:415 and� � 40:0. Note that each point is a set

of �ve wavelengths. The histogram obtained by counting the number of repetitions for each of

�ve wavelengths separately (see Figure 4.6) reveals that each wavelength choice tends to cluster

around particular central wavelengths. The optimum �ve-wavelength setsfall in the range 650� 3

nm, 710� 10 nm, 865� 15 nm, 912� 4 and 928� 4 nm. Any arbitrary combination of these �ve

wavelengths stays in the same neighborhood ofR; � values.
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Figure 4.6: Histogram of optimum wavelength distributions with �ve wavelengthsand four chro-
mophores (HbO2, HbR, H2O, Lipid). Each wavelength count (distinguished with different pat-
terns) in a set is normalized for ease of demonstration.

I next examine how the histograms change with different types of chromophores and different

numbers of wavelengths used. Suppose there are only two primary absorption chromophores, i.e.

oxy-hemoglobin (HbO2) and deoxy-hemoglobin (HbR).R � � distributions similar to Fig. 4.2 are

obtained for different numbers of wavelengthsN = 3 ; 4; 5. Each distribution (not shown) has an

optimum set with highR and low� value, and histograms of optimum wavelength sets are shown

in Fig. 4.7. With three wavelengths (the minimum number neededN > L = 2 ) the optimum sets

are 650� 2 nm, 716� 4 nm and 902� 16 nm as seen in Fig. 4.7 (a). Figure 4.7 (b) and 4.7 (c) show

that the addition of the fourth and �fth wavelengths does not provide any new group, but rather

broadens the second wavelength range from 716� 4 nm to 720� 16 nm, and the last wavelength

range shifts slightly from 902� 16 nm to 896� 30 nm. The data suggests that when the absorption

chromophores are only HbO2 and HbR, the optimum wavelength formulation developed gives an

optimum set with three rather distinct wavelengths no matter how many wavelengths are used to

getR and� .

A similar analysis is performed this time with three chromophores oxy-hemoglobin (HbO2),

deoxy-hemoglobin (HbR) and water (H2O), and the histograms in Fig. 4.8 were obtained. In the

61



Wavelengths (nm)
(a)

Wavelengths (nm)
(b)

Wavelengths (nm)
(c)

N
or

m
al

iz
ed

 C
ou

nt
s

N
or

m
al

iz
ed

 C
ou

nt
s

N
or

m
al

iz
ed

 C
ou

nt
s

Figure 4.7: Histograms for the optimum wavelength sets obtained with two absorption chro-
mophores (HbO2 and HbR) for different numbers of wavelengthsN , i.e. (a)N = 3, (b) N =
4, (c)N = 5.
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case of four wavelengths the histogram in Fig. 4.8 (a) is obtained, which shows that the optimum

sets fall in the range 650� 2 nm, 722� 10 nm, 884� 24 nm and 930� 2 nm as reported in [31].

Increasing the number of wavelengths from four (Fig. 4.8 (a)) to �ve (Fig. 4.8 (b)) broadens the

second wavelength range from 722� 10 nm to 720� 20 nm, but also shifts the center of the third

wavelength distribution from 884 nm to 836 nm. When we use six wavelengths (Fig. 4.8 (c)), an

additional peak in the distribution occurs centered at 880 nm. These last histograms show that with

three chromophores HbO2, HbR and H2O, when we exceed four wavelengths, theR � � maps

provide a quantitatively new set, if more than one measurement wavelength is tobe selected from

the720� 15nm range.

4.3.3 Scattering prefactor À' and power `b'

The optimum wavelength analysis discussed in section 4.3 assumed a homogeneous and �xed

value for the scattering powerb. This assumption makes it possible to easily compute the matrix

in equation (4.8) numerically. However the scattering powerbmay not be homogeneous in tissue.

It is therefore necessary to quantify the error induced by this assumption.

Equation 2.6 suggests that separate measurements ofA andb are needed to quantify both the

scattering size and density of the scatterers in tissue. A simulation with three scattering objects

having different targetA andb images is shown in Fig. 4.9. In order to have a good �t, a large

number of wavelengths (N = 15) sampled from the 650-930 nm range at 20nm intervals were

used. In the reconstructions we found that the scattering prefactor (A) and power (b) exhibited

strong cross-talk; typicallyb tends to be updated rather thanA. The cross-talk betweenA andb

can be attributed to valleys appearing in the contour plot of the log of the error function as seen in

Fig. 4.10 (a). Here we de�ne the error function as
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Figure 4.8: Histograms for the optimum wavelength sets obtained with three absorption chro-
mophores (HbO2, HbR, and H2O) for different numbers of wavelengthsN , i.e (a)N = 4, (b)N =
5, (c)N = 6.
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Figure 4.9: Target and reconstructed images ofA andbusing multi-spectral method with 15 wave-
lengths sampled from the 650 - 930 nm range at 20 nm intervals.

E (A; b) =
i = NX

i =1

�
log(A � � b

i ) � log(� 0
s(Ao; bo; � i ))

� 2
(4.11)

whereAo = 9000 andbo = 1 :3 are chosen to give� 0
s(650nm) = 19 :8 cm� 1 and� 0

s(930nm) =

12:5 cm� 1. The value ofE changes more rapidly withbas shown in Fig. 4.10 (a), thus explaining

why the scattering perturbations are mainly compensated by updates inb.

I now introduce a new set of variables that yields a better scaled problem. Let � = log(A)+ r b

and� = b=t. Here we set

r = �
1
N

i = NX

i =1

log(� i ); t = N

 

N
i = NX

i =1

log2(� i ) � (rN )2

! � 1=2

(4.12)

so that the resulting error functionE(�; � ) written in terms of� and� takes the form of a nonin-

teracting function i.e., there are no cross terms in the expansion:
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Figure 4.10: Contour plots of the log of the error functions. (a)E(A; b) is poorly scaled as demon-
strated by the presence of narrow contour valleys. The global minimum is located atAo = 9000
and bo = 1 :3. (b) The same error function expressed in terms of� and � has a well de�ned
minimum (� o = 0 :44; � o = 0 :14) with circular contours illustrating the improvement in scaling.

E (�; � ) =
i = NX

i =1

f � � rt� � t� log(� i ) � log(� 0
s(Ao; bo; � i ))g2 (4.13)

= N� 2 + N� 2 � �

 

2
i = NX

i =1

log(� 0
s(Ao; bo; � i ))

!
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2rt
i = NX

i =1

log(� 0
s(Ao; bo; � i )) + 2 t

i = NX

i =1

log(� i ) log(� 0
s(Ao; bo; � i ))

!

+
i = NX

i =1

log2(� 0
s(Ao; bo; � i )) : (4.14)

The circular contours shown in Fig. 4.10 (b) illustrate the improvement in scalingwith this

change of variables.
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Figure 4.11: The multi-spectral reconstruction of the target medium in Figure4.9 using the new set
of variables (�; � ) provides accurateA andb images as shown in (a) and (b) respectively. TheA
andbimages displayed in (c) and (d) respectively are reconstructed with conventional method, i.e.,
�tting reconstructed� 0

s(� ) images at 15 wavelengths to simpli�ed Mie-scattering form (A� � b).

Figure 4.11 (a, b) shows the reconstructed images ofA andb using the new set of variables�

and� in the inversion. The scattering prefactor and power images are superiorto those obtained

without scaling. The conventionalA; b images obtained by �tting� 0
s(� ) (reconstructed at each

wavelength separately) toA� � b are also shown for comparison in Figure 4.11 (c, d). The �tting

process in the conventional case utilized the Nelder Mead simplex method implemented in MAT-

LAB function fminsearch. However in simulations (results not shown) with 5 objects as in Fig. 4.3

(b) (wherein we letA; b or �; � vary), the reconstructions exhibited convergence problems for the

absorption chromophore concentrations, and we were unable to reliably reconstructA andb. This

may be due to the fact that the scaling developed in this section was completely based on scattering

parameters, i.e., the chromophore concentrations were not taken into account.

In summary, I conclude that with our current algorithm it is better to �x one ofthe scattering

parameters and, for the reasons explained in section 4.3, I prefer to �xb. More sophisticated

algorithms and scaling methods may give betterA; b and chromophore images.
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4.3.4 Generalization to frequency- and time-domain measurements

The multi-spectral method as formulated in section 2.2 is applicable to frequency- and time-domain

measurements, and will be still advantageous for reconstruction based onthese data compared to

traditional DOT image reconstructions [40]. The multi-spectral approach improves frequency- and

time-domain based reconstructions, because it effectively reduces the number of unknowns.

The optimum wavelength analysis (section 4.3), however, is mainly based on non-uniqueness

that arises when there is only one type of measurement available, i.e. either amplitude or phase.

When the source modulation frequency is high enough (! � 50 MHz) to produce phase changes

larger than the phase noise, the residual normR looses its importance. Therefore the wavelength

sets 1 and 3 in Fig. 4.2 give similar reconstructed images, whereas set 2 continues to show cross-

talk between absorption chromophore images, i.e., the choice of� is still important in wavelength

selection for frequency- and time-domain measurements. The importance of the residual norm, R,

depends on signal-to-noise.

4.4 Experimental Results

4.4.1 Spectroscopy: Phantom Experiment

In this section I described the application of multi-spectral constraints to broadband diffuse optical

spectroscopy (DOS), and present phantom results that show cross-talk is minimized in the multi-

spectral framework.

The system described in Section 3.3 utilizes broadband white light sources and CCD coupled

spectrometers. In this experiment, only Lamp-2 and Spectrometer-2 were used (see Fig. 3.3), i.e.,

single source illumination and two channel detection at different separations � = 2.5 and 2.8 cm,
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Figure 4.12: (a), (b) Results of the absorption titration. Retrieved� a values with multi-spectral
method are in good agreement with the expected absorption of the solutions. (b) Scattering is
expected to stay constant at 7 cm� 1. (c), (d) Results of the scattering titration. Multi-spectral DOT
results are superior to that of conventional DOT. (d)� a is expected to to be constant at 0.05 cm� 1

for the scattering titration.
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respectively. The experimental protocol is as follows: First, a tank was �lled with 7 liters of water

and mixed with 164 ml of Lyposin III (30%, Abbott Laboratories, Chicago,IL) and green ink to

yield � 0
s(786nm) of 7 cm� 1 and� a(786nm) of 0.05 cm� 1. Second, the mixture was divided into

seven cups of 700 ml three of which were used to vary� a and the other three to vary� 0
s. Three

cups were titrated with ink to yield� 0
s(786nm) of 7 cm� 1 and� a(786nm) of 0.1, 0.15 and 0.2

cm� 1 respectively. Lyposin were added to the other three cups so that each one has� a(786nm) of

0.05 cm� 1 and� 0
s(786nm) of 10, 13 and 16 cm� 1 respectively. Broadband data from 650 to 910

nm were acquired for each sample and smoothed with digitally with a box-car �lter.

In order to retrieve the optical properties [Ink Concentration] andA, multi-spectral and single-

spectral (� = 786nm, conventional DOT) inversions were made using semi-in�nite forward solu-

tion (see Section 2.2.1) with Gauss-Newton method where spatial basis size is set to 1,P = 1 (see

Section 2.3.2). The reconstructions are absolute, i.e., no reference medium was used to calibrate

data. The only calibration was to normalize data acquired at one optode separation with the other

separation.

Figure 4.12 (a) and (b) display the multi-spectral and conventional DOT� a titration results.

The absorption values retrieved with multi-spectral method (shown with� in Figure 4.12 (a)) are

in fairly good agreement with the expected values. Conventional DOT on theother hand, falls

far below the expected� a values. This can be attributed to� 0
s cross-talk:� 0

s values are expected

to be constant at 7 cm� 1, however with conventional DOT 100% change in� 0
s is observed (see

Figure 4.12 (b)). Multi-spectral �nds� 0
s to be constant around 6 cm� 1 where the mismatch be-

tween expected 7 cm� 1 can be attributed to the accuracy of titration and systematic errors in the

measurement (probe movement etc.).

Scattering titration results are also in favor of the multi-spectral approach. Expected versus
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reconstructed� 0
s values are plotted in Figure 4.12 (c). Multi-spectral DOT follows the expected

� 0
s, conventional DOT however, yields up to 100% error in� 0

s. During the scattering titration

absorption is expected to stay constant at 0.05 cm� 1 as shown with dashed lines in Figure 4.12

(d). Both multi-spectral and conventional DOT deviate from the expected values by up to 20% and

30%, respectively. However, the multi-spectral data displays less deviation than conventional DOT

with standard deviation mean ratios of 7% and 12%, respectively.

4.4.2 3DIn vivo Results

In this section preliminaryin vivo 3D images obtained from a female subject with a cancerous

breast lesion are presented. Description of our instrument is provided inSection 3.2. Here I outline

some technical details in the data analysis and image reconstruction, and compare images obtained

with the two different methods: conventional DOT and multi-spectral DOT. Note however, that

such comparisons usingin vivodata can never be fully conclusive, because we do not havea priori

knowledge of the true physiological properties.

In this study, the total number of measurementsM T OT used was 84,524. A �nite element

mesh [9] with 48,071 nodes was constructed for the forward and inversebasis. Due to memory lim-

itations as explained in Section 2.3.6.2, for both conventional and multi-spectral DOT inversions,

the Nonlinear CG approach (see Section 2.3.1) was employed with spatially variant Tikhonov reg-

ularization (Section 2.3.4). Recall that in conventional DOT, absorption and scattering values are

reconstructed for each wavelength, and thus the total number of unknowns for each reconstruc-

tion node is 2 times the number of wavelengths. In the multi-spectral approach we have only 4

unknowns (HbO2, HbR, H2O andA) at each node regardless of wavelength count.

Reconstructed images of total hemoglobin concentration (THC = [HbO2] + [HbR] � M), blood
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oxygen saturation (YT = 100� [HbO2] / ([HbO2] + [HbR])), water concentration and� 0
s at 786

nm are obtained. The lipid concentration was assumed to be 57 % as reportedin the literature [41,

121, 123]. The scattering powerb = 1 :17 was �xed according to bulk breast properties measured

from frequency-domain data.

Figure 4.13: Illustration of the tumor location based on the MRI report: a mass of 2 cm in size in
retroareolar (behind nipple).

The subject was a postmenopausal female with an invasive andin situ ductal carcinoma (see

Figure 4.13). The orientation of the reconstructed image slices are illustratedin Figure 3.2. MRI

reported a mass of 2 cm in size in retroareolar (behind nipple) location where both DOT reconstruc-

tion methods indicate with high contrast in THC (Fig. 4.14 (a), Fig. 4.15 (a)) and � 0
s (Fig. 4.14 (d),

Fig. 4.15 (d)) images. The two methods gave somewhat different images, however. The conven-

tional DOT reconstruction showed negative water concentration at the cancer site (Fig. 4.14(c)),

which was probably compensated by a false increase in THC (Fig. 4.14 (a)). The multi-spectral

method, on the other hand, provided a more robust water concentration within the physiological

range ((Fig. 4.15(c)) even though the measurement wavelengths in our system do not fall into
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Figure 4.14: Conventional DOT method was used to obtain the reconstructedtotal hemoglobin
concentration (a), blood oxygen saturation (b), water concentration (c) and scattering (d) images
of a subject with invasive ductal carcinoma near nipple area. Note that thewater concentration (c)
drops to negative values.
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the optimum wavelength group, i.e., the measurement wavelength set has low� = 36:8 and low

R = 0 :05 values. In total, thein vivo results provide evidence for the superiority of the multi-

spectral DOT approach.
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Figure 4.15: Total hemoglobin concentration (a), blood oxygen saturation(b), water concentration
(c) and scattering (d) images of the same subject, reconstructed using the multi-spectral method.
Reliable images were obtained compared to conventional DOT.
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4.5 Summary

I have presented and tested multi-spectral diffuse optical tomography in detail. The multi-spectral

model constrains the image reconstruction such that the number of unknowns stay constant even

as the number of measurement wavelengths increase. It was shown that this technique can over-

come the non-uniqueness problem observed in CW measurements, and a procedure to choose the

best measurement wavelengths was developed. The affects of different wavelength choices on

image reconstruction were demonstrated with computer simulations, and were shown to be con-

sistent with our theoretical expectations. I have discussed the optimum wavelengths for different

absorption chromophores and wavelength combinations, and I have provided optimum wavelength

distributions for typical experimental scenarios.

Reliable separation of scattering prefactor (A) and scattering power (b) is possible with the

improvements in the scaling of the inverse problem. However cross-talk was observed in simula-

tion work when the scattering prefactor (A), scattering power (b) and absorption chromophores

were both allowed to vary. Spectroscopy phantom experiments showed that systems utilizing

broadband source and detection have the potential for reliablein vivo CW spectroscopy when

the multi-spectral constraints are used. Finally, in our preliminaryin vivo experiments the tradi-

tional DOT image reconstruction was compared with the multi-spectral method. The former has

shown comparatively improbable values for the water concentration degrading the reliability of

other chromophore concentrations.

75



Chapter 5

3D in vivo �uorescence DOT of breast

cancer in humans

5.1 Introduction

In this chapter I demonstratein vivo�uorescence diffuse optical tomography (FDOT) in the human

breast, reconstructing 3D tomographic maps of the tissue �uorophore distribution in vivo. Three

cancer cases are analyzed wherein tumors exhibit �uorescence contrast up to four-fold higher than

corresponding endogenous optical contrast derived using the same apparatus.

The chapter is structured as follows. Section 5.2 discusses recent studies based on �uores-

cence optical imaging emphasizing its advantages over endogenous contrast. The Methods section

describes the �uorescence image reconstruction (Section 5.3.1) and introduces the FDOT measure-

ment protocols (Section 5.3.2). The Results section (Section 5.4) �rst establishes that the measured

signal is due to ICG �uorescence rather than tissue auto�uorescence and excitation light leakage.

Then phantom and breast tumor observations are presented, and we demonstrate that reconstructed
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�uorescence from the tumor bearing breast are in good agreement with optical absorption and scat-

tering images and with magnetic resonance imaging (MRI). In the Discussion section (Section 5.5)

I summarize and compare our methods and results to related FDOT studies.

5.2 FDOT of breast cancer

Fluorescent contrast agents have also been considered as a means to enhance tumor detection

and characterization [19, 26, 47, 54, 67, 87, 120]. In principle, �uorescence signals can provide

greater detection sensitivity and speci�city compared to absorption signals,as well as access to new

information about tissue micro-environment, including tissue pO2, pH, and intracellular calcium

concentration [11, 72]. Indeed, the potential uses of optical �uorophores bear close resemblance

to the use of contrast agents in PET and MRI [20, 96]. Successful �uorescence diffuse optical

tomography (FDOT) is therefore critical for application of molecular imaging probes such as dyes

[1, 10, 73, 81, 87, 120] and molecular beacons [118] that bind to tumor-speci�c receptors in deep

tissue.

Figure 5.1: Molecular beacon �uorescence mechanism.
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Figure 5.1 illustrates the working principle of a molecular beacon. The moleculehas a stem-

and-loop structure, where the loop possess a probe sequence that corresponds to a speci�c target

sequence. The stem has two arms where one arm holds the �uorophore and the other arm the

quencher. In the absence of the target molecule, the stem holds �uorophore and the quencher in

close proximity so that the �uorophore's energy is transfered to the quencher and dissipated as

heat instead of light emission. However, when the molecular beacon meets a target molecule, they

form a hybrid that is rigid enough to prevent the �uorophore and the quencher coming together.

Therefore only in the presence of the target molecule and the excitation light, the molecular beacon

starts to �uoresce.

Fluorescence tomography methods have been developed and explored intissue phantoms [2,

25, 35–37, 39, 45, 49, 57, 59, 66, 70, 71, 77, 79, 89, 93, 94, 116, 124], in small animals [16, 52, 58, 87,

89,98,100] and in deep tissues such as human brain [80] and canine mammary tumors [106].

A few breast cancer studies have used theabsorptionof exogenous molecular agents such as

Indocyanine Green (ICG) to enhance tumor contrast. Evidently, leaky tumor vasculature delays

ICG washout and thereby elevates its concentration in tumors relative to normal tissue [61,90]. To

our knowledge, our publication [30] was the �rst report on detection and 3D in vivoquanti�cation

of diffuse �uorescence signals from the cancer bearing human breast.

5.3 Methods

5.3.1 Image reconstruction algorithm

In this section, we brie�y describe the tomographic methods used to obtain �uorescent contrast

images starting from a two-level model. The Results section provide both FDOTimages and
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tomographic (DOT) reconstructions of endogenous tissue properties such as total hemoglobin con-

centration (THC), blood oxygen saturation (StO2) and reduced scattering coef�cient (� 0
s). Detailed

discussion of the DOT analysis is provided in Chapter 2.

Figure 5.2: Two-level system for �uorescence excitation and emission.

Complete description of the �uorescent diffuse photon density waves is given by Li [78] and

O'Leary [92]. Here, I brie�y describe the �uorescence source term treating �uorescence emitters

as a two-level system. Figure 5.2 illustrates a two-level system assumed for the �uorophores. The

number densityNex(r ; t) of the excited �uorophores obeys the rate equation:

@Nex(r ; t)
@t

= � � Nex(r ; t) + � (� ex)�( r ; � ex; t)N (r ) (5.1)

where� (� ex) is the absorption extinction coef�cient of the �uorophore at the excitation wavelength

� ex, �( � ex; r ; t) is the excitation �uence rate,N (r ) is the concentration of the �uorophore, and�

is the radiative decay rate from the excited to ground state.

If the source amplitude is modulated at the frequency! , �( r ; � ex; t) = �( r ; � ex; ! )e� i!t , then

the excited number density will be of the form:Nex(r ; t) = Nex(r )e� i!t . In this case Equation

5.1 yields:
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Nex(r ) =
� (� ex)�( r ; � ex; ! )N (r )

� � i!
: (5.2)

The source term of the �uorescence diffusion equation is given by the number of emitted �uores-

cent photons per unit time per unit volume which can be expressed in terms theexcitation light

�uence using Eq. 5.2 as

qf l (r ; � f l ; ! ) = � � N ex =
�� (� ex)N (r )

1 � i!�
�( r ; � ex; ! ); (5.3)

=
n(r )

1 � i!�
�( r ; � ex; ! ); (5.4)

where� = 1=� is the �uorescence lifetime of the �uorophore,� is the �uorescence quantum yield

(ratio of photons emitted to photons absorbed),� f l is the wavelength of the emitted light and

n(r ) = � � (� ex)N (r ): (5.5)

Equation 5.3 relates the �uorescence source termqf l to the excitation �uence rate. Thus the

�uorescence �uence rate�( r ; � f l ; ! ) is the solution of the diffusion equation (see Eq. 2.1) with

the source termqf l which requires solving the diffusion equation with the excitation source term:

�
�r � D (� ex; r )r + � a(� ex; r ) +

i!
v

�
�( r ; � ex; ! ) = q0(r s; � ex; ! ); (5.6)

�
�r � D (� f l ; r )r + � a(� f l ; r ) +

i!
v

�
�( r ; � f l ; ! ) = qf l (r ; � f l ; ! ): (5.7)

whereq0(� ex; !; r s) is the excitation term for a source located atr s. Inversion of Equation 5.6,

using the multi-spectral data, determines� a, D as a function of position in the medium and as a
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function of optical wavelength. The excitation �uence rate�( r ; � ex; ! ) is computed by solving

Equation 5.6 using� a(� ex; r ), andD(� ex; r ). Robin-type boundary conditions (see Eq.2.2) are

applied to solve Equations 5.6 and 5.7.

Hereafter I denote the computed (measured) �uence rate with� c(m) . The computed �uores-

cence �uence rate,� c(� f l ; r d; r s), due to an excitation source atr s and detector atr d is derived

using Equation 5.7. For continuous wave (CW,! = 0 ) measurements, the Born formulation [94]

yields

� c(� f l ; r d; r s) =
Z

d3r n (r ) � c(� ex; r ; r s) G+ (� f l ; r ; r d); (5.8)

whereG+ (� f l ; r ; r d) is the adjoint Green function (see Eq. 2.36) appropriate to Equation 5.7. The

measured �uorescence �uence rate� m (� f l ; r d; r s) is then compared to�( r d; r s; � f l ) � c(� f l ; r d; r s).

Here�( r d; r s; � f l ) accounts for the unknown factors such as �ber coupling losses, light-source

strengths and wavelength dependent detector quantum ef�ciency. A common way of reducing the

detrimental effects of�( r d; r s; � ) is to use reference data and, as suggested by Ntziachristoset

al. [88], to normalize with the measured excitation �uence rate, i.e.,

� m (� f l ; r d; r s)
� m (� ex; r d; r s)

=
�( r d; r s; � f l )� c(� f l ; r d; r s)
�( r d; r s; � ex)� c(� ex; r d; r s)

; (5.9)

=
1

� c(� ex; r d; r s)

Z
d3r n (r ) � c(� ex; r ; r s) G+ (� f l ; r ; r d): (5.10)

Here we have assumed no� dependence for�( r d; r s; � ) over the narrow range from� ex to � f l .

The reconstruction volume is divided intoN voxels of sizeh3 and the integral on the right hand

side of Equation 5.10 is expressed as a sum over all voxels withnj = n(r j ):

� m (� f l ; r d; r s)
� m (� ex; r d; r s)

�
1

� c(� ex; r d; r s)

NX

j =1

h3 nj � c(� ex; r j ; r s) G+ (� f l ; r j ; r d): (5.11)
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We make a total ofM measurements at source-detector pairs (r si ; rdi ), i = 1 : : : M , and obtain

Equation 5.11 for each source-detector pair. This approach translatesinto the matrix equality

expressed below with regularization:

(JT J + � L )n = JT y : (5.12)

HereJ is aM � N matrix with the elements

J i;j =
h3 � c(� ex; r j ; r si ) G+ (� f l ; r j ; r di )

� c(� ex; r di ; r si )
; (5.13)

y is vector of sizeM with yi = � m (� f l ; r si ; r di )=� m (� ex; r si ; r di ), andn is vector of sizeN with

elementsnj .

Equation 5.12 uses a �rst-order Tikhonov prior with the regularization parameter� and aN �

N Laplacian matrixL . Section 2.3.4 describes the the form of the Laplacian (Eq. 2.61) and the

L-curve method used to �nd the regularization weight factor� .

A �nite element based numerical solver (see Section 2.2.2) is employed to solvethe pho-

ton diffusion equation for� c(� ex(f l ) ), using absorption and scattering parameters derived from

a preceding reconstruction of intrinsic optical properties. Equation 5.12 isthen inverted using

a preconditioned generalized minimal residual (GMRES) solver [113]. A typical inversion with

M = 10000 source-detector pairs andN = 40 � 15 � 40 voxels takes about 40 minutes in total

using an Intel(R) Xeon(T M ) 3.2 GHz processor with 6 GB memory.

In this chapter we present and compare the contrasts of the following parameters: THC, StO2,

� 0
s and ICG concentration. The 3D reconstruction procedure is summarized inthe �owchart in Fig.
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Figure 5.3: Fluorophore reconstruction �owchart.

5.3: After the data acquisition and preprocessing step, 3D oxy- and deoxy-hemoglobin concentra-

tions ([HbO2], [Hb]) and� 0
s images are reconstructed iteratively using a non-linear conjugate gra-

dient optimization routine suited to the multi-spectral method (see Section 2.3.1). THC = [HbO2]

+ [Hb], StO2 = [HbO2]/THC and� 0
s contrast images are then obtained by scaling the image with

the mean of the whole breast. As for the ICG concentration image, Equation 5.12 is constructed us-

ing absorption and scattering parameters (� a(� ex;f l ; r ); � 0
s(� ex;f l ; r )) derived from the endogenous

chromophores obtained in the previous step, and inverted with a GMRES solver routine. ICG con-

centration is obtained from reconstructedn using Equation 5.5:[ICG ] = n=(� (� ex)� ), and scaled

to yield ICG contrast forin vivoreconstructions in a manner similar to that of endogenous contrast

case. Note that� ex;f l corresponds to measurement wavelengths 786 and 830 nm, respectively, and

� (� ex) = 254000 cm� 1/M [105], � = 0.016 for ICG in water [114].

The contrast image slices for all of the four parameters are displayed along with the pro�les

depicting the contrast along the pink lines crossing peak contrast regions. Pro�les are plotted with

standard deviations calculated from upper and lower pixels adjacent to thepink traces.
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5.3.2 FDOT measurement protocols

Figure 3.1 in Section 3.2 illustrates the clinical instrument utilized to obtain both intrinsic and

�uorescent DOT images. For the �uorescence measurements, light at 786 nm is injected into the

medium and the �uorescence emission is detected with �lter-coupled CCD camera as described

in Section 3.2. The �lters' spectra and the ICG absorption-emission wavelengths are shown in

Figure 5.4. Notch �lter (blue line) blocks the light at 785 nm (OD = 6) and the bandpass �lter (red

shading, OD = 4) passes the light in the 830� 5 nm wavelength range.

Figure 5.4: Excitation and emission spectra of whole blood containing 0.05 mg/ml of sterile ICG
[60] are shown together with the 785 nm notch �lter (blue line) and 830 nm (red shading, FWHM
= 10 nm) bandpass �lter.

5.3.3 Phantom measurement protocol

The clinical system has already been extensively tested for absorption and scattering contrast with

tissue phantoms [32]. In the present work we report on characterization of system capability for

�uorescence measurements using tissue phantoms.

Figure 5.5(a) shows an illustration of the cylindrical tissue phantom with 1.6 cmlength and

diameter, and a wall thickness of 0.05 cm. The phantom is placed at a distanceof 3 cm away from

the source plate (y = 3 cm) and is immersed in a matching �uid of� a = 0 :04 cm� 1 and� 0
s = 8

cm� 1. The phantom was �lled with the same matching �uid via the tubes (Fig. 5.5(a)), and then
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(a)

t (min) Measurement Type

0 Baseline Absorption Scan (Phantom with
Matching Fluid Only) at 786 nm. CCD Expo-
sure time is 300 msec per source position.

1 Absorption Scan (Phantom with Matching
Fluid + ICG) at 786 nm. CCD Exposure time
is 300 msec per source position.

2-14 Fluorescence Scan (Phantom with Matching
Fluid + ICG). Excitation at 786 nm. Spectrally
Filtered detection. CCD Exposure time is 15
sec per source position.

(b)

Figure 5.5: (a) Illustration of the phantom (CCD view). The tube ends are attached to a pump (not
shown) in order to titrate the phantom with different ICG concentrations. (b) Time-table for the
phantom measurement protocol.

a full scan at 786 nm was performed in order to assess phantom baselineabsorption and scattering

properties. The CCD camera exposure time was set to 300 msec for these measurements. The

phantom was then �lled with an ICG/matching-�uid mixture and another full scanat 786 nm was

made at 300 msec exposure to evaluate the absorption due to ICG. Finally, a third scan was made

to obtain the phantom �uorescence signal; for this scan the spectral notchand bandpass �lters were

attached to the CCD camera, and the exposure time was set to 15 secs. Thesesteps were repeated

for three ICG concentrations: 0.1, 1, 10� M.

5.3.4 In vivo measurement protocol

This prospective study was approved by the local Institutional Review Board. Informed consent

form was obtained from each patient prior to imaging.

The measurements were made in three stages as outlined in the Time-table in Fig. 5.6: First,

the intrinsic optical and physiological properties of the breast tissue wereobtained from a full scan
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t (min) Measurement Type

0 Breast Endogenous Measurement. 4 Wavelengths. CCD Exposure time is 500 msec.

12 Breast ICG Pharmocokinetics Measurement. 786 nm - Spectral Filters. CCD Exposure
time is 15 sec.

13 Inject ICG.

18 Breast ICG Tomographic Scan. 786 nm - Spectral Filters. CCD Exposure time is 15 sec.

30 Baseline Absorption Scan (Matching Fluid Only). 4 Wavelengths. CCD Exposure time
is 500 msec.

Figure 5.6: Time-table for thein vivomeasurements.

using 4 wavelengths and 45 sources positions. These measurements wereconducted with the CCD

camera exposure time set to 500 msec [28].

The second stage involved �uorescence measurements. To this end the spectral bandpass and

notch �lters were placed in front of the CCD camera (see Section 3.2), andthe camera exposure

time was set to 15 sec. For the �uorescence measurements it was only necessary to use one excita-

tion wavelength, 786 nm. A monitoring scan using a single source position was conducted initially

(i.e. �rst step of second stage) in order to derive ICG pharmacokinetics. A bolus of sterile ICG

(0.125 mg/kg, Akorn, Inc.) was given for 30 seconds, followed by a normal saline �ush of 20 cc,

also given for 30 seconds. The injection commenced 45 seconds after thestart of the monitoring

scan. After 24 frames (i.e. 6 minutes) of the monitoring scan, the full tomographic �uorescence

scan was initiated. The ICG washout kinetics derived from the initial monitoring scan were used

to correct for the decreasing �uorescence signal in the subsequenttomographic scan [90]. The

rationale for this timing protocol is based on the concept that ICG will accumulate in the tumor

due to the highly permeable tumor neo-vasculature, and that tumor ICG concentrations will remain
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elevated relative to those of normal breast tissue during the vascular washout phase.

In the �nal stage, spectral �lters were removed, and a baseline transmission scan of matching

�uid was conducted with the same source-detector plate separation as in the patient measurement.

Baseline tomographic scans at 4 wavelengths with CCD camera exposure time set for 500 msecs

served as reference data in the endogenous chromophore and scattering parameter reconstruction.

5.3.5 Data preprocessing

For each CCD camera exposure time, dark frames were recorded and subtracted from the suc-

ceeding intensity measurements. Transmission and �uorescence measurements were then digitally

�ltered with median (2� 2 pixels) and Gaussian (window size = 32,� = 6 pixels) �lters, respec-

tively. Data binned from �ltered image frames correspond to measurements at 984 detection points

covering an area of 15.6� 9.0 cm.

The raw intensity plots shown in the Results section are image frames preprocessed as de-

scribed above. The termcountsin those displays denotes digitized intensity recorded by the 16-bit

CCD camera.

5.3.6 Fluorescence transillumination

In order to generate a quick but incomplete representation of �uorescence data, we also construct

two-dimensional �uorescencetransilluminationimages [28]. The �uorescence transillumination

image is de�ned in terms of �uorescence and excitation �uence rate data as follows:

T(rd) = � log

 P N s
s � f l

m (r s; rd)
P N s

s � ex
m (r s; rd)

!

: (5.14)
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HereNs refers to the number of sources used in the scan. Note that� ex
m (r s; rd) and� f l

m (r s; rd) are

obtained in the �rst and second (full FDOT scan) stages of thein vivo measurement, respectively.

High contrast regions in a �uorescence transillumination image indicate enhanced ICG uptake and

�uorescence. Transillumination images are particularly useful for identi�cation of surface features

that have the potential to generate DOT image artifacts.

5.4 Results

5.4.1 Phantom �uorescence - raw data

We �rst display raw �uorescence data in order to demonstrate that light leakage is negligible. For

the case of the tissue phantom we expect the �uorescence signal to emerge entirely from the small,

cylindrical ICG phantom.

Figure 5.7: Outline of the phantom is drawn in pink color and white mark (� ) shows the projection
of the 43rd source location onto the detector plane. The phantom has 1�M ICG concentration. (a)
Transmission intensity at the excitation wavelength is centered at the source position. (b) Fluores-
cence signal originates within the object.

Figure 5.7 shows excitation light transmission and transmitted �uorescence intensity data from

a phantom. The data were recorded with the CCD camera while the light at 786 nm was illumi-

nating the medium from the 43rd source position. The projection of the source position on the

detector plane is marked with a� , and the target outline is drawn in pink. Notice that the excitation

signal peaks very near the source position. By contrast, the �uorescence signal appears to originate
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within the phantom object (i.e. the object with1� M ICG concentration).

5.4.2 Phantom �uorescence - full 3D reconstruction

In Fig. 5.8, image slices from the source plane to detector plane are derived from 3D recon-

structions of �uorescence (Fig. 5.8(a)) and absorption (Fig. 5.8(b))of the phantom with [ICG]

= 1 � M. The �uorophore concentrations indicated by the color-bar of Fig. 5.8(a) were calibrated

by titration [98]. Fluorescence and absorption results are in good agreement with respect to the

phantom location. The full width at half maximum (FWHM) of the recovered images (2 cm) also

approximates the size of the object (1.6 cm) reasonably well.

Figure 5.8: Image slices from 3D reconstructions of the phantom's ICG concentration (a) and
absorption at 786nm (b). Object location and size correlate well with both �uorescence and ab-
sorption images.

5.4.3 In vivo �uorescence - raw data

Similar excitation and �uorescence intensity images forin vivo data are displayed in Fig. 5.9

for two different source positions: The 23rd source in contact with tissue, and the 36th source in

contact with the matching �uid. The red outline of the breast is drawn based on the photograph

taken with the CCD camera. Fluorescence signal is observed to originate only from within the
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breast tissue.

Figure 5.9: The different origin of excitation transmission and �uorescence signals are demon-
strated with data acquired from a patient (case 2). The breast outline is drawn with red, and the
white mark (� ) shows the projection of the excitation source location onto the detector plane.
Transmitted excitation light appears to come from the source position as shownin (a) and (b) for
source 23 and 36, respectively. The �uorescence signal, on the other hand, is clearly contained
inside the breast boundary, as demonstrated for sources 23 and 36 in (c) and (d), respectively.

In Fig. 5.10 and 5.11 we present �uorescence data at different time points in a patient scan

(case 2) in order to demonstrate that: (1) The detected �uorescence signal is primarily due to ICG

in the breast region, and (2) excitation light leakage is negligible. Figure 5.10 shows a plot of

intensity averaged over an area of 10� 10 pixels located around the peak �uorescence signal as a

function of time. This data is obtained from images acquired with 15 second exposure time while

excitation light illuminates the medium from the 15th source position (marked with a white� in

Fig. 5.11). The green line is a simple exponential �t (exp(-�t )) to the peak �uorescence signal

acquired between the time interval t = 3 and t = 10.2 minutes. The so-determineddecay rates fall

in the range reported in the literature (i.e. 0.17 - 0.21 min� 1) [61]. The full �uorescence scan starts

at t = 6.6 min with the 1st source, and at t = 10.2 min the �uorescence signal is recorded from the
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Figure 5.10: Fluorescence intensity (blue line) versus time, obtained from images acquired while
excitation light at 786nm illuminates the medium from the 15th source position. The green line
shows the exponential �t to the �uorescence peak intensity values acquired after the 3rd minute.
The full �uorescence scan starts at t = 6.6 min and at t = 10.2 min, �uorescence intensity is recorded
with the 15th source. This data point serves as a reference to correct the full scan data.

Figure 5.11: Images acquired at different time points in a patient scan (case 2) while the excitation
light at 786 nm illuminated the tissue from 15th source position (marked with a white� ). (a) At
t = 0, before ICG injection, the detected intensity is essentially the system noise. (b) t = 2 min,
�uorescence signal reaches its peak. (c) At later times the signal decreases as the ICG clears out
of the tissue.
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15th source. This data point serves as a reference to correct the full tomographic scan data for ICG

washout.

Figure 5.11 exhibits the �uorescence intensity images from selected time points.At t = 0, be-

fore the ICG injection starts, the detected intensity represents the system noise �oor (Fig. 5.11(a)).

During the 2nd minute, when the ICG �uorescence reaches its peak, up to 3000 �uorescent CCD

counts are detected (Fig. 5.11(b)). This count total drops to 700 as the ICG washes out from the

breast at t = 10.2 (min) as shown in Fig. 5.11(c).

5.4.4 In vivo �uorescence 3D reconstruction

In this section we exhibit 3D DOT contrast images of THC, StO2, � 0
s(786nm), and ICG concentra-

tion (FDOT), 2D �uorescence transillumination, and gadolinium (Gd) enhanced MR images of the

three breast cancer patients. As discussed in reference [90] both Gdand ICG can differentiate can-

cer based on tumor hypervascularization albeit with different mechanisms.DOT and MR studies

were conducted separately with different compression schemes: axially and sagittally respectively.

Here we only display sagittal views of MR images in order to show the axial depths of the tumor

regions.

5.4.4.1 Case 1

A 46-year-old pre-menopausal female diagnosed with invasive ductal carcinoma in her right breast

by �ne needle aspiration was recruited for thein vivo �uorescence DOT measurement. The palpa-

ble mass was located around 8 o'clock and was measured to be 2.5 cm in a multi-modality imaging

study (i.e. ultrasound, mammogram, MRI, and PET). Her breasts were almostentirely fat with

average� 0
s of 5 � 2 cm� 1. Note that the averages include the tumor region as well. The radiology
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report, Fig. 5.12(a), shows the approximate location of tumor in frontal view. Pathologic analysis

found the tumor to be highly invasive with Bloom-Richardson (BR) grade of 9.

Figure 5.12: (a) Illustration of the tumor location for Case 1. (b) Accordingto the gadolinium
enhanced sagittal MR image slice the tumor is located around y = 5 cm position in theDOT
con�guration. (c) Fluorescence transillumination image obtained from patient (case 1).

MRI sagittal slice from the right outer quadrant containing the tumor is shownin Fig. 5.12(b).

The tumor exhibits higher intensity in the DCE-MRI image compared to the surrounding tissue,

due to increased tumor vascularity and gadolinium uptake. In this slice, the tumor is located in the

lower quadrant that corresponds to a plane near the detectors (i.e. y = 5cm) in the DOT images.

Figure 5.12(c) displays the diffuse �uorescence transillumination image. Note that our CCD

view is caudal-cranial (from foot to head), so the right and left side ofFig. 5.12(c) correspond to

lateral and medial sides, respectively, for the right breast. Clearly a localized �uorescence uptake

is observed from the transillumination image at the lateral side where the tumor is expected to be
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Figure 5.13: Patient Case 1: Total hemoglobin concentration, blood oxygen saturation,� 0
s (786nm)

and �uorescence image slices at y = 5 cm are displayed (a) with their valuesalong a horizontal line
passing through the center of tumor (b).

Figure 5.14: Iso-surface plot of THC,� 0
s(786nm) and �uorescence at iso-values of three stan-

dard deviations above their respective means correspond to tumor location. Outline designates the
border of the breast modeled as an ellipsoid using the breast photo taken with the CCD camera.
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found. The enhancement seen towards the upper medial part is probably due to veins close to sur-

face of the breast tissue, and it is in fact localized towards the detection plane in 3D reconstructions

(Fig. not shown).

Figure 5.13(a) shows a selected slice (y = 5cm) from the full 3D FDOT & DOTreconstructions

wherein most of the parameters exhibit large contrast. This slice is near the detector plane (y = 6

cm). In a volume that is con�rmed to be the tumor region by the Gd uptake and radiology report,

the reconstructed THC,� 0
s and ICG concentrations are higher and StO2 is somewhat lower than

the surrounding tissue. Furthermore from the pro�le plot in Fig. 5.13(b),we observe that� 0
s and

ICG concentration exhibit up to four- and 5.5-fold contrast, respectively, whereas THC contrast is

only 1.3 and and StO2 does not show any signi�cant contrast.

Figure 5.14 shows 3D iso-surface images of THC,� 0
s and ICG concentration contrast with iso-

values set to three standard deviations above their means. The iso-surfaces of the three contrasts

overlay one another quite well, and the volumetric differences may be due to real tissue physiology

variation.

5.4.4.2 Case 2

This 54-year-old pre-menopausal female was diagnosed with an invasive ductal carcinoma in her

right breast by ultrasound-guided core biopsy (19 days prior to DOT). The tumor was located as

an irregular lobulated hypoechoic mass of size 1.6� 1.3� 1 cm in the right areolar region. Figure

5.15(a) shows the approximate location of tumor in frontal view. Tumor BR grade was 5 according

to lumpectomy.

Sagittal MR image slice in Fig. 5.15(b) displays the highest Gd uptake in the tumor region

that would correspond to y = 4 cm axial slice in the DOT con�guration. The patient's breasts were
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Figure 5.15: (a) Illustration of the tumor location for Case 2. (b) Sagittal slicefrom gadolinium
enhanced MR image shows a bright spot below the nipple area corresponding to the y = 4 cm axial
slice in the DOT con�guration. (c) Fluorescence transillumination picture obtained from patient
(case 2).

Figure 5.16: Patient Case 2: Total hemoglobin concentration, blood oxygen saturation,� 0
s(786nm)

and �uorescence image slices at y = 4 cm are displayed (a) with their valuesalong a horizontal line
passing through the center of tumor location (b).
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heterogeneously dense and the MRI shows Gd uptake at the tumor (slightly lower than the nipple)

but also diffused enhancements scattered over glandular tissue. Average � 0
s was found to be 7�

1 cm� 1. The �uorescence transillumination image in Fig. 5.15(c) shows ICG uptake distributed

throughout the whole breast.

After the 3D reconstructions were carried out, contrast from the tumor region was more evident.

Figure 5.16(a) shows the DOT contrast image slices at y = 4 cm (detector plane at y = 6 cm) and

the corresponding pro�les are plotted in Fig. 5.16(b). The tumor has an increase in THC and� 0
s

contrasts of 25% and 50% respectively, and it is slightly deoxygenated withdecrease of 9% in StO2.

The ICG concentration provides the highest contrast of 3.5-fold. Interestingly the ICG contrast is

more localized than THC and� 0
s, potentially indicating differences between hypervascularized and

leaky regions.

5.4.4.3 Case 3

The last patient case examined a 52-year-old post-menopausal female diagnosed with invasive

carcinoma in her left breast by ultrasound guided core biopsy (29 daysbefore DOT). A tumor of

size 1.5 cm was located to be approximately at7 � 8 o'clock retro-areolar position by a multi-

imaging modality study (i.e. ultrasound, mammogram, MRI, and PET). Figure 5.17(a) shows the

approximate location of tumor in frontal view.

The sagittal MR image slice in Fig. 5.17(b) shows a localized high Gd-enhancement in the

tumor region slightly below the nipple, close to the DOT detection plane. As in Case2, this patient

has heterogeneously dense breasts, and diffuse mild Gd-enhancementsscattered over the glandular

tissue are observed in Fig. 5.17(b). Average� 0
s was found to be 9� 2 cm� 1. In accordance with

the MR image, the �uorescence transillumination image in Fig. 5.17(c) displays ICG �uorescence
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Figure 5.17: (a) Illustration of the tumor location for Case 3. (b) Accordingto the gadolinium
enhanced sagittal MR image slice the tumor is located around y = 5 cm position in theDOT
con�guration. (c) Fluorescence transillumination picture obtained from patient (case 3).

Figure 5.18: Patient Case 3: Total hemoglobin concentration, blood oxygen saturation,� 0
s(786nm)

and �uorescence image slices at y = 5 cm are displayed (a) with their valuesalong a horizontal line
passing through the center of tumor location (b).
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distributed throughout the whole breast.

Optical contrast tomographic image slices are shown in Fig. 5.18(a) at the y =5 cm slice where

the parameters exhibit high contrast. The image slice corresponds to slice near the detector plane

(y = 7 cm). THC and� 0
s depict contrasts of up to 1.3 and 1.5 whereas StO2 has contrast of -0.1.

ICG concentration has the highest contrast of up to 4-fold. As clearly seen in Fig. 5.18(b) there

is a difference in the locations of the contrasts volumes of the four parameters. ICG concentration

and StO2 contrasts are observed to be located� 1 cm away from THC and� 0
s peaks which may

again indicate differences in ICG uptake between hypervascularized and leaky regions.

5.5 Discussion and Summary

Optical imaging of biomarkers in tissue is a signi�cant tool for enhancing cancer detection speci-

�city and sensitivity. In this thesis we have reported a feasibility study, imaginga �uorescent

contrast agent in 3D. We clearly resolve breast cancerin vivo. Three patient case studies were

carried out, and concurrent endogenous and exogenous images were obtained with existing DOT

instrumentation.

The �uorescence imaging capabilities of our apparatus were evaluated withtumor mimicking

phantom experiments. Raw data images clearly showed that the signal was due to ICG �uores-

cence. 3D images were reconstructed using algorithms commonly employed in DOT. Phantom

scattering/absorption images as well as patient endogenous contrast images were obtained via a

non-linear conjugate gradient optimization routine suited to the multi-spectral method. For �uo-

rescence image reconstruction, on the other hand, we have essentially utilized a scheme formulated
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�rst by O'Leary et al. [94] for �uorescence lifetime imaging and developed further by Ntziachris-

tos et al. [88]. This approach incorporates normalization of the �uorescence with excitation in-

tensity measurements. A similar approach was also used by Patwardhanet al. [98]. However,

in the present work the excitation intensity was measured before ICG injection, and �uence rates

in Equation 5.11 were calculated numerically based on the tomographically-determined hetero-

geneous absorption and scattering properties of the medium. Our phantom �uorescence and ab-

sorption reconstruction results suffer from the typical blurring process due to the ill-posed nature

of DOT, however the FWHM of the recovered images agree well with our previous reports [32]

wherein the same phantom was used for instrument characterization.

Several other FDOT schemes have been proposed. Klose and Hielscher [70] demonstrated �u-

orescence tomography based on radiative transport equation in 2D simulations. Their algorithm is

promising for �uorescence tomography in small geometries or in media with high absorption co-

ef�cients. Eppsteinet al. describe a 3D reconstruction algorithm [45] suited for a gain modulated

intensi�ed CCD setup. In this case background optical properties are obtained from frequency do-

main measurements and �uorophore (ICG) concentration is reconstructed using a Bayesian frame-

work. The in-depth analysis presented therein incorporates measurement error and dynamic update

of parameter uncertainty estimates that would potentially improve our results.

The present work reported endogenous contrasts along with the �uorophore concentration con-

trast for three patients. In all three cases the tumor region exhibited increases in THC, ICG and

� 0
s and a slight decrease in StO2. THC, StO2 and � 0

s contrasts of the tumor were in the 1.25 -

1.3, 0 - 0.1, and 1.5 - 4 ranges, respectively. The rise in THC is consistent with angiogenesis

accompanying the tumor growth. The high oxygen demand of cancer cells might be expected to
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cause lower StO2. The increase in scattering contrast can be attributed to an increase in concentra-

tion of organelles such as mitochondria due to the high metabolism in tumor cells, but might also

arise (at least partially) from absorption/scattering image cross-talk. Spectral constraints reduce the

cross-talk associated with CW data when optimum source wavelengths are used as demonstrated

in Chapter 4. The measurement wavelengths utilized in this study, however, are not quite optimum

for separating absorption and scattering. Nevertheless our simulation work (results not published)

has found the cross-talk to be around 30%. Therefore we believe the scattering contrast is mostly

physiological, in agreement with several other researchers who have found 20% to 30% tumor

scattering contrast using time-domain data [38,53]. Overall the intrinsic contrast results presented

herein agree with our previous �ndings [27,28].

ICG contrast at the tumor location was visible in the �uorescence transillumination image for

Case 1, but similar transillumination images for Cases 2 and 3 did not exhibit discernible contrast.

In general transillumination is an insuf�cient radiological tool; it cannot separate the effects of

light absorption and scattering within the tissue [27]. However, 3D FDOT image reconstructions

based on the photon diffusion Equation provided ICG contrast images consistent with the radiology

reports for all three cases. ICG concentration contrast ranged between 3.5- and 5.5-fold, possibly

due to the leaky tumor vasculature.

ICG contrast in the tumor region was 3 to 4 fold higher than the THC contrast and 2 to 3 fold

higher than the scattering contrast. ICG binds to blood proteins, and in the case of leaky tumor

vasculature, ICG can aggregate in the tumor region while the ICG in normal tissue is washed out.

Therefore, timing in the ICG �uorescence measurement plays an important role in affecting con-

trast, and full tomographic scans carried out during the tail of ICG temporal decay curve facilitate

enhanced detection of a �uorescence signal that originates mostly from the tumor region. Thus the
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�uorescence contrast of the tumors is boosted.

FDOT studies for small animal imaging were applied by Graveset al. [52], and by Patwardhan

et al. [98] in a similar parallel-plane source and lens coupled CCD camera system. Graveset

al. were able to reconstruct 3D image of a �uorescent probe within a mouse tumorwith sub-

millimeter resolution. Patwardhanet al. studied the spatio-temporal evolution of the �uorophore

distributionin vivo. Both studies are consistent with our work, showing preferential uptakeof the

target �uorescent probe in the tumor relative to normal tissue.

The purpose of this study was to investigate the feasibility ofin vivo diffuse optical �uores-

cence tomography for human breast cancer. The apparatus utilized an existing breast DOT instru-

ment with slight modi�cations (e.g. by coupling spectral �lters). Several technical improvements

can be introduced to further validate the �uorescence contrast clinically and to achieve dynamic

imaging. A system that records the �uorescence and excitation signals simultaneously will provide

better quanti�cation and speed. This system can be achieved with a two-camera system or with

a spectral �lter wheel system coupled to the CCD camera. In a different vein, FDOT reconstruc-

tion algorithms can be improved to incorporate absorption due to ICG in the matrix inversion (see

Equation 5.12). One way of achieving this is to invert Equation 5.12, iteratively updating ICG

absorption at each step; another way would be to obtain ICG absorption directly from excitation

signals in a system capable of recording �uorescence signals simultaneously. In order to accom-

plish dynamic imaging we need faster acquisition. To this end, we have started toincorporate

fast optical switches and gain modulated CCD intensi�er units into the currentsystem. The up-

grade will provide frequency domain measurement of both the excitation and�uorescence signals

thereby will allow quanti�cation of �uorophore lifetime and superior reconstruction of absorption

and scattering coef�cients [48].
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Chapter 6

Summary and Perspective

In this work, I have described multi-spectral and �uorescence DOT methods applied toin vivo

human breast cancer imaging.

Spectral constraints were introduced in the forward problem section (Section 2.2) with analytic

and �nite element solutions. Image reconstruction (Section 2.3) was treated as an optimization

problem, where two nonlinear solution methods were described: Nonlinear Conjugate Gradient

(Section 2.3.1) and Gauss-Newton (Section 2.3.2) methods that utilize �rst and second order gra-

dient information, respectively. Gauss-Newton with improved search direction provides faster con-

vergence than Nonlinear CG at the expense of computational memory requirement (Section 2.3.3).

Regularization is an important part of solving ill-posed inverse problems such as DOT image re-

construction. Section 2.3.4 described Tikhonov regularization appropriate to DOT, and provided

details of the choice of regularization parameter with L-curve. An important component of the op-

timization algorithms presented was the line-search routine. Section 2.3.5 outlinedthe line-search

algorithm and illustrated the concept with possible optimization scenarios. Parallel computation

techniques were introduced to minimize the run time and the processor memory loadof the image
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reconstruction (Section 2.3.6.1). Forward solution for a light source position is independent of

other sources, hence can be computed in parallel within a computer cluster framework. Nonlinear

CG method takes advantage of this property to speed objective function andits gradient computa-

tions (Section 2.3.6.1). Gauss-Newton exploits the same feature to compute objective function. As

for the search direction computation, Gauss-Newton requires a large matrixinversion. To this end,

we have developed a parallel scheme for the Jacobian construction and inversion (Section 2.3.6.2).

The parallel Gauss-Newton, depending on the number of computer nodesand their memory, may

be feasable in terms of memory. However, an important concern with the Gauss-Newton method

that can shadow its convergence advantage (due to 2nd order gradient info) is the time spent to

build the Jacobian matrix. Especially in experiments with number of detectors exceeding number

of sources, Gauss-Newton requires more forward solutions then Nonlinear CG. The question of

whether this slow feature of Gauss-Newton can be compensated by its improved search direction

(therefore faster convergence) has to be determined by computer simulations and phantom experi-

ments. Even if Gauss-Newton happens to be slower at the end, it will reachthe desired objective

values in a fewer iterations (due to better search direction) and this may provide an image with less

noise ampli�cation and less artifacts. In this case the advent of faster processors and memory will

be in favor of Gauss-Newton method.

Chapter 3 provided brief descriptions of the clinical DOT and the broadband spectrometer

instruments. The former one was utilized inin vivo measurements of both endogenous and ex-

ogenous breast cancer measurements, whereas the latter device was utilized in a phantom titration

experiment to demonstrate how CW broadband data can be used to differentiate absorption from

scattering of tissue.
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Chapter 4 described how the spectral constraints can help to reduce the absorption scatter-

ing cross-talk inherent in CW DOT. Conditions developed to show non-uniqueness were revisited

in the multi-spectral framework in order to propose the possibility of uniqueness when optimum

wavelengths are used. Two criteria were developed: The �rst criterionoriginated from the orig-

inal non-uniqueness arguments, and aimed to minimize cross-talk between absorption and scat-

tering (Section 4.3.1). The second criterion was constructed in order to distinguish absorption

chromophores among themselves. Computer simulations con�rmed these criteriaand showed that

multi-spectral DOT is superior compared to conventional DOT. Optimum wavelength distributions

were provided with histograms for various absorption chromophores andnumber of measurement

wavelengths used (Section 4.3.2). A scaling scheme to improve the distinguishability of scattering

prefactor and power was introduced 4.3.3. Alternatively, a method to directly obtain particle size

distributions and concentrations rather than scattering prefactor or power has been proposed by Li

and Jiang [76]. Section 4.4 demonstrated the potential of multi-spectral methodwith phantom and

in vivoexperiments.

Finally, three-dimensionalin vivo DOT images of �uorescence, total hemoglobin concentra-

tion, blood oxygen saturation and scattering contrasts in three patients with tumor bearing breasts

were demonstrated (Chapter 5). To our knowledge, this proof of concept study was the �rst pub-

lished report showing it is possible to detect and reconstruct breast tumor �uorescencein vivo in

3D with diffuse optical tomography. Fluorescence DOT image reconstructionalgorithm was de-

scribed starting with a two-level system. The results showed that recordedsignal originates from

the �uorophore (ICG) rather than light leakage or auto�uorescence.The leaky tumor vasculature

causes ICG to aggregate in the tumor region while the ICG in normal tissue is washed out. Thus,

the timing of the �uorescence measurement was chosen at the tail of the ICG temporal decay curve
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to yield higher tumor to normal contrast. DOT and FDOT results for three cancer cases were

reported. The �uorescence contrast location was in good agreement with the endogenous DOT

parameters, Gd-enhanced MR images, and radiology reports. Furthermore tumor-to-normal tis-

sue contrast based on �uorescence was found to be two-to-four foldhigher than contrast based on

hemoglobin and scattering parameters. The large tumor contrast obtained witha non-targeted ex-

ogenous �uorophore (ICG) portends a promising future as molecularly targeted dyes and beacons

become available for clinical use. Integration of fast optical switches andgain modulated CCD

intensi�er units into the current system will provide frequency domain measurement of both the

excitation and �uorescence signals thereby will allow quanti�cation of �uorophore lifetime and

superior reconstruction of absorption and scattering coef�cients.
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